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ABSTRACT
Recommender systems generate recommendations by analysing
which items the user consumes or likes. Moreover, in many scenar-
ios, e.g., when a user is visiting an exhibition or a city, users are
faced with a sequence of decisions, and the recommender should
therefore suggest, at each decision step, a set of viable recommen-
dations (attractions). In these scenarios the order and the context
of the past user choices is a valuable source of data, and the recom-
mender has to e�ectively exploit this information for understanding
the user preferences in order to recommend compelling items.

For addressing these scenarios, this paper proposes a novel pref-
erence learning model that takes into account the sequential nature
of item consumption. The model is based on Inverse Reinforce-
ment Learning, which enables to exploit observations of users’
behaviours, when they are making decisions and taking actions, i.e.,
choosing the items to consume. The results of a proof of concept
experiment show that the proposed model can e�ectively capture
the user preferences, the rationale of users decision making process
when consuming items in a sequential manner, and can replicate
the observed user behaviours.

1 INTRODUCTION
Recommender Systems (RSs) are software tools supporting users’
decision making processes. They learn users’ preferences and o�er
to them personalised suggestions for items to consume or actions
to perform [15]. RSs identify recommendable items for a target user
on the base of her explicit preferences (i.e., ratings or likes) or by
leveraging the hidden preference information extracted from user
actions while interacting with items, such as, clicking on pages
describing these items [5, 7].

However, those items the user explicitly ignores, or the speci�c
order in which the user acts on them, is a valuable information that
has not been fully exploited yet. For instance, Collaborative Filter-
ing [7] and Content-Based [9] techniques use only the unordered
set of items that the user liked or on which the user expressed an
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implicit feedback (click). Besides these models, other techniques,
which take into consideration the sequential aspect of item con-
sumption, have been developed. While Sequence Mining (SM) tries
to discovery item consumption patterns [6, 12], other techniques
adapt the system behaviour to provide sequences of items to be
consumed by the user [11, 13, 17]. However, SM techniques do
not learn the user’s rationale for consuming items sequentially. In
particular, they do not generate explicit knowledge about how a
user decides to consume certain items rather than others or why
she chooses items in a speci�c order. The approaches in the second
group, instead, focus on how to adapt to the system behaviour to
promote the consumption of speci�c items in a sequence, without
modelling the user behaviour when consuming items in a sequence.

In this work, we address these limitations by proposing a user
modeling approach that learns user’s preferences in sequential de-
cision making scenarios, and can be used to suggest items to be
consumed in a sequence. Predicting (or recommending) a full se-
quence of items is appealing in scenarios where the user is actually
faced with multiple choices, e.g., which museum’s exhibit to visit
next. User preference learning is made possible by (1) exploiting
observations of user’s actions while the user is consuming items,
and (2) leveraging item’s descriptive features and environment’s
contextual information.

In order to reach our goal, we propose an approach based on
Inverse Reinforcement Learning (IRL) [16]. IRL allows the RS to
learn a policy that dictates for each possible state the best action
the user should perform (which item to consume). This policy fully
describes the sequential preferences of a user or a group of users
and can generate relevant recommendations for these users, as well
as, new users deemed as similar to the observed ones. For instance,
when facing a new user, the system can reuse a model learnt for the
users who have a similar information need (goal) or belong to the
same socio-demographic group. IRL accomplishes user’s preference
learning by discovering the importance weights of features of items
at disposal for being consumed (more precisely, features describing
the state of the user). These weights de�ne the utility (reward) a
user gains by consuming items.

IRL is a promising technology that can be adopted in variety of
application scenarios. However, in this work, we mainly focus on
scenarios where users are faced with a sequence of choices. Indeed,
we apply this technology to deal with user preference elicitation
and modeling by relying on user behaviour observations that are
obtained from a network of Internet of Things [8]. In this scenario,
the items to recommend are active and can signal their identity
and proactively interact with the users. IoT technologies open the
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way to new types of interactions between users, items and the
recommender.

As a �rst case study, this work focuses on learning the user
model for a recommender that suggests multimedia items, which
illustrates exhibits, in a Museum. In particular, we study how visi-
tors’ preferences can be learnt, by relying on the observation of the
users’ consumption of the available media. The experiment results
show that, by just using low-level behaviour data, our approach can
learn users’ preferences (reward function) and the policy adopted
by users when consuming items sequentially.

The rest of the paper is organised as following. Section 2 reviews
the related work. In section 3, we describe the technical details of
the proposed model and in section 4, we present a case study. In
section 5 we comment the observed results, and, in section 6 we
conclude the paper with a discussion of the results and future work.

2 RELATEDWORK
In the RSs literature some works studied the sequential aspect of
item consumption, mainly by mining patterns of user behaviour,
when browsing the web [12] or listening to music [6]. However,
these techniques, which try to discover hidden patterns in the data,
are rather generic predictive methods and were not speci�cally
developed for modelling sequential decision making process. This
means to understand what properties of the items are connected
to the choices of the users and therefore to capture “why” users
are behaving in a particular way. The main limitation of pattern-
discovery approaches relies on the fact that the sequences of the
training items are composed only of items that have been already
consumed by users. Even though these approaches learn the fre-
quency of consumed items within a session (e.g., a time window
shopping) and/or the similarities of consumed items (e.g., product
categories) they are not meant to discover the rationale of users in
consuming items in a certain order.

Other related approaches adopt a di�erent perspective and in-
stead of modelling user’s decision making, they try to optimize the
performance of the recommender while interacting with the user.
They identify the optimal sequence of actions or recommendations
that the system should provide to help the user to make a choice, or
a sequence of choices, and to accept the system recommendations
[11, 13, 17]. The considered sequential decision making and recom-
mendations task is modelled as a Markov Decision Process (MDP),
and Reinforcement Learning (RL) is used to learn which action the
system must perform in each state it may be while interacting with
a user (optimal policy). Indeed, from the RSs perspective, RL is a
natural approach to optimize the system behaviour when acting
in an environment which is de�ned by the user reactions to the
system actions [11, 13, 17].

When modelling the system behaviour with MDP and RL one
must conjecture the reward/utility that the system obtains when
an action is performed. For instance, if the action is the recommen-
dation of an item, a positive reward should be obtained if the item
is accepted by the user and no reward, otherwise. When instead
the system is modeling user preferences and behaviour, the reward
obtained by the user when performing an action is unknown. In
this case, the goal is to infer the user’s preferences from the ob-
served user’s behaviour, and the reward that the user obtains from

performing actions (e.g., consuming an item) is not easy to estimate.
In fact, the user rarely evaluates the outcome of a recommendation
or the bene�t obtained from consuming an item. In other words,
when modeling the user decision maker with an MDP, the prob-
lem of learning user’s preferences remains open. Hence, the above
mentioned applications of MDP and RL to RSs do not contribute to
the real understanding of the individual and collective user’s pref-
erences, especially when users are consuming items sequentially.

In addressing that limitation, in this paper, we propose a novel
approach that primarily allows the RS to learn the utility that the
users obtain from the performed actions by simply observing their
behaviours and assuming that they act optimally with respect to
their utility function. Hence, in the preference elicitation process,
one must focus on users considered to be “experts” in the domain.
This problem is known as Apprenticeship Learning and can be
addressed with a machine learning technique called Inverse Rein-
forcement Learning (IRL)[16]. IRL exploits observations of agents,
which are considered to be expert, i.e., they act optimally, in order
to infer the reward function that scores the value of each action
performed by the agent[1]. From this perspective, IRL task is closer
to that of RSs based on implicit feedback, which exploit data that
signals only indirectly users’ preferences or opinions [5, 7]. These
RSs predict whether the user will act on a target item and interpret
this prediction as a discovered preference for the item. In our set-
ting, by applying IRL, we exploit the same idea, but we learn user’s
preferences in a sequential decision making scenario rather than in
isolated decision making tasks.

In this work, we adopt IRL to deal with preference elicitation
of the users in complex decision making scenarios, and the collec-
tion of behavioural observations is obtained by exploiting Internet
of Things technologies. Internet of Things (IoT) is a dynamic and
global adaptive network assisted by an intelligent coordination of
the communication between the connected devices, the so called
things [8]. Technologies, protocols and architectures devised for
the IoT has been summarized in [8]. IoT relies on the following
technologies: Radio-Frequency IDenti�cation (RFID), Near Field
Communication (NFC) and Wireless Sensor Networks (WSN) which
are networks that connect these sensors via wireless communica-
tion. Due to the huge variety of sensors and application scenarios,
IoT networks are a complex playground in which to experiment
user’s preference learning. We focus on real world applications
in tourism and cultural heritage [3, 14], where IoT registers the
interactions between visitors at an art exhibition and interactive
media station (deployed as WSNs) spread over the exhibition area.

3 TECHNICAL APPROACH
We model the user decision making problem as a �nite Markov
Decision Process (MDP), i.e., a tuple (S,A,T , r ,γ ), in which S is
a �nite set of states, A is a �nite set of actions, T is a �nite set
of transition probabilities, r : S → R is a reward function and
γ ∈ [0, 1) is a discount factor. When an agent/user in a state s0 ∈ S
performs action a ∈ A, it earns an immediate reward r (s0) and
moves, with probabilityT (s0,a, s), to a new state s ∈ S . For an MDP
we de�ne π : S → A to be a policy, i.e., a function that maps states
to actions, and gives the action, to be performed, for each state. If a
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policy maximises expected utility (reward) it is said to be optimal
and is denoted as π∗.

Given an MDP, the value-iteration algorithm can be used to
compute action-value function Q : S × A → R. The action-value
function for a state s and action a provides an estimate of the
discounted total reward, which is obtained by the agent, when
taking action a in state s . Below we show the Q function for the
i-th iteration cycle of the learning algorithm:

Qi (s,a) =
∑
s ′

T (s,a, s ′)r (s ′) + γ max
b

Qi−1(s
′,b) (1)

This is also known as Bellman equation and characterizes the opti-
mal behaviour of the agent.

3.1 Reinforcement Learning
An agent task is �nite when it is completed after a �xed number
of steps. The number of time steps an agent plans for its task is
called horizon H of the MDP. A task is de�ned by a sequence of
decision rules, one for each time step in the planning horizon. The
decision taken by an agent are represented by a policy π , which
is called Markovian if for each time step t in the planning horizon
the decision rule πt : S → A depends only on the current state
st . When the transition probability of moving from one state s0
to a state s by choosing action a is given by T (s0,a, s) ∈ {0, 1},
the MDP is called deterministic. In a deterministic MDP a policy
is equivalent to a sequence of H actions for each possible initial
state. The value of a policy π from an initial state s0 ∈ S is de�ned
as vπ (s0) = Eπ

[ ∑H−1
t=0 γr (st )

]
. This is the expected value of the

discounted total reward the agent obtains by taking the action at
time t according to π . The reinforcement learning goal, given an
MDP, is to compute a policy π that maximizes the value function
vπ (s0).

3.2 Inverse Reinforcement Learning
Inverse reinforcement learning exploits observations of an agent
actions and identi�es an MDP\r , which is a tuple (S,A,T ,γ ), that
is consistent with the observed behaviours. The observations are
assumed to come from rational one or more agents that express
a behaviour at the state-action level. More formally, given a state
space S , an action setA, transition probabilitiesT , the goal is to �nd
a reward function r which rationalizes the observed behaviour of
the agent. In other words, the reward represents agent’s preferences
over states of a speci�c MDP. For �nite state spaces, the reward
function can be represented as a vector of real numbers r ∈ R |S | ,
where each component gives the reward for one state. The reward
r can also be assumed to be a linear function of a feature-based
representation of the state:

r (s) = θ · ϕ(s) (2)
Here, ϕ(s) is a n-dimensional feature vector representation of the

state s ∈ S , and θ ∈ Rn is an unknown weight vector modelling the
user “preference” for the state features. In this case, the IRL goal is to
learn the vector θ in order to compute the reward r . Since in many
real cases the agent policy π is unknown, the goal of IRL is to infer
it from observations of experts agents (those acting rationally).
Observations are sequences of states in S and actions in A that

represents the transitions of the agent in the MDP. From these
information both the reward r and the policy π can be learnt. In
particular, let us assume that we have observed N �nite sequences
of state-action pairs O = {ζ1, . . . , ζN } that are made by the agent.
We assume all the trajectories have length H , and a trajectory ζj
is of the form ζj =

(
(sj0 ,aj0 ), (sj1 ,aj1 ), . . . , (sjH−1 ,ajH−1 )

)
where

st ∈ S and at ∈ A. In case all the observed trajectories derive from
a policy π∗ and the agents act optimally by following this policy,
then we can assume that the policy is optimal with respect to the
reward function r .

As pointed out in [1], the problem to identify a reward function,
whose corresponding optimal policy describes correctly the agents’
behaviour, is ill-posed. In fact, the problem is under-determined: for
instance, if the reward function r (·) ≡ 0, the optimality equation is
satis�ed by any policy π∗. This problem can be solved by making
further assumptions on the properties of the optimal policy. For
instance, one can search a solution that maximises the di�erence be-
tween the optimal reward and the reward derived from alternative
policies [1].

In order to understand user’s preferences we focus on a model
that is structural, i.e., it explains the preferences in decision-making
task of an agent, by taking a probabilistic approach. In particular,
we assume that the observations O are samples from a family of
probability distributions, which depend on the unknown reward
function, allowing for suboptimal behaviour. In this setting, we
model agent’s choice by means of the Boltzmann distribution for
action selection, which induces variability in the behaviour that is
tied to the values of the actions. This distribution is also used as
a model for human decision making [10] and is exploited in the
IRL technique called Maximum Likelihood Inverse Reinforcement
Learning [2], which is the approach we have used in this study. We
would like to point out that the variability induced by the Boltzmann
distribution for action selection πθ (s,a) = eβQ (s,a)/

∑
a′ e

βQ (s,a′)

promotes the exploration of the states in S of the MDP, hence it
allows to build generative models that can be used to simulate
behaviours under new circumstances.

3.3 Maximum Likelihood IRL
Maximum Likelihood Inverse Reinforcement Learning (MLIRL) as-
sumes that experts randomize individual action choices [2]. Choice
actions are sought by a maximum likelihood solution via gradient
ascent. MLIRL exploits the fact that a guessed reward function θ
induces a probability distribution over the action choices and hence
determines a likelihood for the observations in S. Expected values
(discounted) are computed via the following formula:

Qθ (s,a) = θ
Tϕ(s,a) + γ

∑
s ′

T (s,a, s ′)

∑
a Q(s,a)e

βQ (s,a)∑
a′ e

βQ (s,a′)
(3)

The formula is a variation of the Bellman equation in 1 that
replaces the maximisation term with values composition via Boltz-
mann exploration. This approach makes the likelihood (in�nitely)
di�erentiable. By exploiting Boltzmann exploration policy the log
likelihood of the observations is:
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L(D |θ ) = log
N∏
i=1

∏
(s,a)∈ζi

πθ (s,a) =
N∑
i=1

∑
(s,a)∈ζi

logπθ (s,a) (4)

MLIRL looks for θ = argmaxθ L(D |θ ) which is the maximum
likelihood solution that is found via gradient ascent optimisation.
The solution is known to converge in �nite-horizon settings. The
existence of multiple reward functions for which an observed tra-
jectory is optimal in a given MDP, is solved by assigning high
probabilities to observed behaviour and low probability to the un-
observed. MLIRL general steps are illustrated in Algorithm 1.

Algorithm 1 Maximum Likelihood Inverese Reinforcement Learn-
ing (MLIRL)

Input: MDP \r , state features ϕ, observations {ζ1, . . . , ζN }, num-
ber of steps M, λt step size.
θ ← Initialize with random values;
for t=1 to M do

Compute Qθt ,πθt
L =

∑
i Pr (ζi )

∑
(s,a)∈ζi logπθt (s,a)

θ ← θ + λt∇L
end for
Output: learnt θ

Once the reward function r and the optimal policy π∗ are known,
the system is also able to generate recommendations. That is, for
those users whose pro�les (the observed sequences of state-action
pairs ζi ) that have been already learnt, the known policy could be
exploited to provide them with suggestions of actions to perform.
This could be done even in another MDP with the same state fea-
tures of the MDP on which the learning is performed. In addition,
sequences of items could be recommended by clustering the se-
quences ζi observed in di�erent MDPs. This is done in order to
identify common intents and the new policies. By leveraging those
policies and rewards new sequences of items can be suggested.
Learnt policies can be used to provide to new users suggestions in
the form of action sequences in the MDP. Moreover, the vector of
preferences θ could be exploited to provide recommendations about
items in domains that di�er from the observed one by exploiting
traditional RS techniques.

We would like to point out that the proposed approach for pref-
erence learning and recommendations can be seen as an hybrid
technique that exploits implicit feedback from users and item fea-
tures to learn user’s behaviour in consuming items sequentially.
However, even though the reward vector θ could be learnt by means
of a standard content based approach, it would not be able to pro-
duce a meaningful sequence of items for a target user. Besides, as we
already mentioned, sequence mining techniques would not provide
any rationale for users sequential decision making behaviour.

4 CASE STUDY
4.1 Dataset
In our experiments, we used a dataset containing logs of user-
media interactions, which was collected during an exhibition called

Voices from the past in fort Pozzacchio [14], which installation was
developed within the meSch European project.

The exhibition was focused on World War I, and was hosted by
Museo della Guerra (Rovereto, Italy). Here, IoT devices were used to
allow the visitors to interact with a number of media stations 1 that
o�er multimedia items (video and audio). Each of the stations were
equipped with a RaspberryPi board, connected to NFC reader(s) and
either a video projector or audio speakers. Each visitor was provided
with a NFC tag, placed into a “pebble”. Visitors could activate media
playing at the stations by simply placing their “pebbles” near one of
the NFC readers. Each media station was carefully designed to cover
a certain topic of the war, that re�ects the narration perspective
of the multimedia item. The shortest media lasts circa one minute,
whereas the longest is over two minutes. Table 1 presents some
information about these media items.

The exhibition area in the museum was composed of four spaces:
entrance, three showrooms. In the entrance space, 3 video items
(1 to 3) could be played, introducing the tour and presenting the
history of fort Pozzacchio (topics intro and fort), whereas those,
which could be watched in the �rst exhibition area were 4 graphic
animations, that we consider as video (4 to 8), on the topic of
buildings. 5 audio items (9 to 13) on the the topic of civilians were
provided in the second exhibition area. In the last space, 4 video
items (14 to 17) on topic soldiers’ life were shown.

The collected data logs contain the sequence of the timestamped
interactions, made by the visitors with the media stations. Each log
entry contains the unique identi�er of the visitor (stored in the NFC
tag) and the played multimedia item id. This data combined with
information about the media (features) allows to understand user’s
movements within the exhibit area and whether a multimedia item
was played or not. We combined the log data with observations
made by sta�-members during the visit session of a sample of 40
users. These observations, which after �ltering are in the number
of 24, indicate whether visitors consumed completely, partially or
not a media.

4.2 State Space
We denote with A =

{
c j : j = 1, 2, 3

}
the set of possible ac-

tions of consuming a multimedia item: consume, consume par-
tially, and skip, respectively. We consider the following state model:
S =

{
(mi , c j ) : i = 1, . . . , 17, j = 1, 2, 3

}
. The pairs (mi , c j ) repre-

sent the media mi consumed by action c j . Out of the 3 possible
actions and the 17 multimedia items we derived 51 possible states
that describe the consumption behaviour of a visitor for the items.

The following features were used for representing the states:
media perspective fp ∈ {0, 1}, where p ∈ {intro, f ort_today,
buildinд, civilians, soldiers};media duration fd ∈ R;media type
fi ∈ {0, 1}, where i ∈ {audio,video} and consumption status
fc ∈ {0, 1}, where c ∈ {consume,partial , skip}. More state features
could have been used but we preferred here a simple approach to
better test the model learning procedure.

4.3 MDP Model
The group of visitors (one or more persons) is modelled as an
individual agent who is autonomously taking decisions in order
1https://www.youtube.com/watch?v=DReu2J7eWx4&t=41s
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Table 1: Information about media.

Media Perspective Duration Type
1 Intro 65 video
2 Fort Today 65 video
3 Fort Today 52 video
4 Building 81 video
5 Building 57 video
6 Building 49 video
7 Building 64 video
8 Building 54 video
9 Civilians 55 audio
10 Civilians 84 audio
11 Civilians 122 audio
12 Civilians 72 audio
13 Civilians 61 audio
14 Soldiers 145 video
15 Soldiers 119 video
16 Soldiers 141 video
17 Soldiers 104 video

to optimize an unknown utility function or reward r . This utility,
could be intuitively seen as the ful�lment of the cultural interest of
the visitor at the museum while discovering its collection.

Visitors are assumed to plan the visit of the reachable items in a
session. The time horizon of the users’ visiting session is H = 17,
and it corresponds to the number of transitions through the media
stations available at the exhibition. The set of actions A, a user can
perform and the state space S have been introduced in 4.2. Here we
detail the possible state transitions. Being in the state s = (ml , ck )
means having performed action ck on media ma , which in the
horizon H means performing action ck at time l . The transition
probabilities of the MDP are deterministic:

T
(
(ml , ck ), cs , (mi , c j )

)
=

{
1 ⇐⇒ i = l + 1 and c j = cs

0 otherwise
(5)

Our goal is to learn the vector θ , which de�ne the reward func-
tion, and in order to do that, we consider observations of expert
visitors in the form of trajectories de�ned by the sequence of state-
action pairs. The observations are collected by mining the data log
discussed in section 4.1, represented as sequences of states (see sec-
tion 4.2). By using MLIRL, we compute the (linear) reward function
of the states. We denote with O = {ζ1, ζ2, . . . , ζN } the set of ob-
served trajectories. A trajectory ζi =

(
(mi0 , ci0 ), . . . , (miH−1 , ciH−1 )

)
is composed by a sequence of H states that represent the sequence
of consumption action ci j of mediami j during a visit session. For
example, a visitor v trajectory is
ζv =

(
(m1, c2), (m2, c3), (m3, c3), (m4, c1), . . . , (m17, c1)

)
.

The visitor v starts by partially consuming (action c2) the �rst
media item (m1), which leads to the second media (m2) which he
skips (action c3). Then, the visitor skips also the successive media
(third mediam3), action that leads to the following media (m4) that
is consumed (action c1). The last action that the visitor performs is
to consume the last media (m17, c1).

In our experiments, we set the discount factor to γ = 0.9, which
decreases the value of the future rewards, and the probability to

Table 2: Learnt θ , vector of user preferences.
Feature Value Feature Value
status partial 0.66 perspective Intro 1.97
status complete 3.13 perspective Fort 1.74
status skip 0.61 perspective Building 1.92
media type audio 1.99 perspective Civilians 2.07
media type video 1.46 perspective Soldiers 2.61
media duration 2.26

make a random transition to 20%. The other parameters of the
MLIRL algorithm that we used are β = 0.75 as suggested in [2],
which promotes exploration during the learning of the reward, and
step size λt = 1√

t
as suggested in [4]. The termination condition is

given by the (L2) norm ‖θt −θt−1‖2 < 0.01 of the vector θ computed
over the Mt = 500 iterations.

5 RESULTS
Table 2 shows the vector of weights θ that was learnt by MLIRL
by considering the available observations. The learnt values are
here increased by a constant (z = 2.45) to make them all positive
and ease their analysis. This vector de�nes the reward function and
shows the feature preferences of the observed experts. The results
indicate a correspondence between the learnt preferences and the
user behaviours. Firstly, those states in which the multimedia item
is consumed (those containing the feature status complete) have
higher weight (3.13) than the states in which the content is par-
tially consumed or skipped (0.66 and 0.61, respectively). Then we
can observe the users’ preferences for topics. We can see that the
narration perspective Soldiers has a value of 2.61, which places it as
the most liked topic. The other topics values are 2.07 for Civilians
and 1.92 for Building, whereas narration perspectives Fort and Intro
have values 1.74 and 1.97.

To show that the model is both generative, i.e., it can be used
for simulations, and it is structural, i.e., it captures the rationality
of the experts (their preferences), we show here the results of two
additional experiments.

The results of the �rst experiment is shown in table 3. It is a
comparison of the frequencies of the observed actions, for some
examples of multimedia item, when the original 24 trajectories of
experts are considered vs. when two samples of again 24 synthetic
trajectories are generated by using the policy learnt by training the
model with only 5 or 10 real observed trajectories. We observe a
good match between the simulated and the observed data.

The second experiment aims at comparing the preference model
learnt by using the real 24 trajectories of experts with the mod-
els learnt with the aforementioned synthetic trajectories. Figure 1
illustrates the average reward computed by policies obtained by
learning the model with an increasing number of trajectories (from
1 to 24) which are either the observed ones or simulated by exploit-
ing the policies learnt by training the model with only 5, 10, or 15
real trajectories. We assume that the correct reward function (and
the true optimal policy) is obtained by training the model with the
whole set of real observations. These results show that by using
synthetic trajectories, the learnt policies performance scores tend
to approximate those obtained by using all the observations of the
experts, as more training trajectories are used.
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Table 3: Comparison of observed and generated trajectories.

Obs. Gen. (5) Gen. (10)
media c1 c2 c3 c1 c2 c3 c1 c2 c3

2 19 5 3 16 0 2 20 0 1
4 21 3 2 18 4 3 19 3 1
6 24 1 0 19 1 3 21 0 1

Figure 1: Plot of average reward computed for di�erent num-
bers of real and simulated trajectories.

Overall, these results are promising and they o�er an initial
evidence of the e�ectiveness of the proposed IRL approach in pref-
erence learning elicitation and recommendation generation, even
with such a small amount of data. Indeed, it shows how it can e�ec-
tively tackle cold-start scenarios that traditional approaches may
fail to cope with.

6 CONCLUSION AND FUTUREWORK
In this paper we have addressed the challenging problem of learn-
ing user preferences from low-level behaviour data by modelling
and learning them in a sequential decision making problem. By ex-
ploiting the users’ policy learnt by leveraging observations of their
interactions with items, we could provide to the users suggestions
about items to consume or actions to perform in di�erent environ-
ments, whereas unknown users can be provided with suggestions
for items/actions sequences that follow the learnt policy. We pro-
pose here a novel approach that is based on a machine learning
technique called Inverse Reinforcement Learning.

We have performed some preliminary experiments by using a
dataset, collected during an exhibition in a museum, which contains
the log of user interaction with media stations (disposed on a �xed
sequence), that o�er to the users multimedia items related to World
War I and allow the users to choose which items to play. The results
of the experiments show that, by adopting this user modelling
approach one can successfully learn the preferences of the users,
which are here modelled with a reward function, which can be used
then for recommendation generation. The proposed technique was
exploited in an IoT scenario. But, other solutions for collecting user
interactions are usable as well (e.g., in a web application by logging
user actions).

The main limitation of this work is the size of the dataset that has
been used for the experiments. The small number of multimedia

items produced a relatively small state space. In the future, we
would like to investigate the scalability of this approach when the
number of items grows, which will result in a substantial growth
in the number of states. Moreover, we plan to conduct additional
experiments in order to compare the predictive capabilities of the
devised solution with the other state-of-the-art approaches.
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