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Abstract—Supporting users in selecting the best works of
art according to their interest is one of the most stimulating
challenges in the field of Cultural Heritage Promotion. This task
is made complex by several issues, such as the limited amount
of time at users’ disposal for cultural tours, the wide range
of available artworks, and the heterogeneity and complexity of
semantic features associated with them. In order to face such
challenges and provide users with appropriate suggestions, we
propose a blended recommendation approach that combines
different techniques in order to capture latent relationships from
wide sets of data associated with artworks.

Keywords—Recommender Systems, Machine Learning, Smart
Museums

I. INTRODUCTION

Recommender Systems (RSs) play a pivotal role in im-
proving users experience in Cultural Heritage scenarios [1]
by supporting users in planning cultural tours which fully
match their personal interests. These systems allow user to
obtain a significant set of filtered suggestions, without being
overwhelmed by the massive volume of information available
from web sites and provided by travel guides.

The research laboratory of Artificial Intelligence and Dis-
tributed Systems of the University of Palermo conducts re-
search in this field, by exploiting Artificial Intelligence tech-
niques to innovate the fruition of cultural, artistic and historical
heritage. In particular, the University of Palermo is partner,
through the CINI, of the VASARI project (VAlorizzazione
Smart del patrimonio ARtistico delle citta Italiane), which
aims to create new ways to experience works of art and
promote them, also by emphasizing smaller territorial realities
through the use of intelligent Recommender Systems.

One of the most challenging issues related to the design
of RSs, is the cold start problem occurring when new users
interact with the system. Known users can be associated with
a past history of interactions, which can be easily exploited
to build a detailed profile of their interests, useful to provide
new similar suggestions. New users, on the contrary, do not
correspond to any known profile, thus it is very challenging
to provide tailored suggestions.

In order to overcome such a problem, we propose to adopt
a blended approach which combines different techniques, in
order to design a system capable of dealing with multiple
sources of heterogeneous information, by also leveraging
users past behavior and current context, thus obtaining highly
accurate suggestions for every class of users.
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Fig. 1. Architecture of the proposed Recommender System.

II. RECOMMENDER SYSTEM

In order to build a complex and complete Recommender
System for cultural heritage, we propose to merge several
algorithms according to four recommendation paradigms [1]:

o Popularity based: artworks with a large number of votes
are suggested to users, considering as predicted rating for
a specific artwork, the weighted average of its ratings;

o Content based: artworks are associated with semantic in-
formation, which is processed as feature vectors through
machine learning predictive models;

« Collaborative filtering: latent relationships between art-
works and users are learned and exploited to produce
predicted ratings, by exploiting a cooperative approach;

o Hybrid: results from recommendation algorithms be-
longing to different paradigms (in our proposal, Content
based and Collaborative Filtering) are combined into a
single and more robust output.

The architecture of the proposed system is depicted in Fig-
ure 1. The Recommender modules produce lists of unordered
couples < item, predicted_rating > according to the under-
lying recommendation paradigm; a Recommendation Ranker
module sorts the recommendation lists coming from either
the Popularity or Hybrid module, depending on the operating
mode selected by the user o by the specific application.

As representative samples of each recommendation
paradigm, we implemented 6 RSs:

1) a popularity based RS which exploits the IMDB rating
formula to suggest objects widely appreciated by the commu-
nity of users [1];



2) a content based RS which generates vectorial represen-
tation of the artworks by means of the one hot encoding in
order to train a linear regressor [1], in particular, the artist
name, artist nationality, period, object type and caption are
interpreted as item features, and each artwork is represented
as a binary vector, where 1s signal the presence of a certain
feature in the artwork. We employ the TF-IDF score [2] to
retrieve salient words from the verbose caption feature of the
artworks;

3-5) two collaborative filtering approaches: matrix factor-
ization [3], which captures the latent relationship between
items and users by transforming the rating matrix into the
dot product of two lower rank matrices by also considering
users biases. AutoRec [4], in either the item-based and user-
based variant, which extends the expressiveness of the matrix
factorization model thanks to an autoencoder architecture with
one single hidden layer of units;

6) a hybrid RS which properly merges the recommendations
of content based and collaborative filtering. In particular, it re-
alizes a weighted average of the two models’ predicted ratings
as follows: let w,;, be the weight for content based predictions,
and w.y be the weight for collaborative filtering predictions.
Now, let us consider an item 37, let 7; be the content based
predicted rating for item ¢, and 7; be the collaborative filtering
one. The final predicted rating for the hybrid RS is equal to
Ti = Web - 75 + Wey - 73, Where we, + wep = 1. In the simplest
case, it is possible to choose we, = wep = % However, a
more intelligent approach would require a differential weight
computation, in relation to the considered scenario. Thus, the
values for weights wc, and w.s are adaptively computed in
relation to the number of ratings currently available for the
active user. In particular, let ,, be the number of ratings stored
in the Ratings DB for user u, and let R be the average number
of ratings for each user in the dataset. We compute:

R, _

Wep = if Roim T SE

5 R, >R
and wcy = 1 —wep, thus implementing the following idea: the
more ratings we have for the current user, and the more they
quantitatively reach the average number of ratings expressed
from other users, the more we can rely on a collaborative
prediction for the ratings. When the current user has few
ratings, the hybrid system will give more emphasis to content
based recommendations, and then achieve an evenly bipartite
combination with collaborative filtering when fully opera-
tional. In order to evaluate our proposal, we generated a
synthetic dataset of explicit ratings for the artworks collection
of the Minneapolis institute of art!, following the guidelines
proposed in [5]. We generated 100 users belonging to 10 dif-
ferent behavioral profiles, which essentially represent different
artistic preferences in terms of which artworks are evaluated,
and how they are evaluated. We trained and validated our RSs
using the 5fold cross validation method. In Figure 2 we show
some preliminar results, in particular, we show the ROC curves

Thttps://github.com/artsmia/collection
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Fig. 2. ROC curves of the considered Recommender Systems against our
synthetic ratings dataset set in Minneapolis Institute of art.

[6] for the Recommender algorithms underneath our system
against our synthetic dataset, with different relevant/irrelevant
rating decision thresholds. The collaborative filtering part of
the Hybrid RS adopted in this simulation was based on the
matrix factorization approach. However, results showed that
higher values for the Area Under the Curve (AUC), which
basically measures the discriminative power of a RS in terms
of its ability to distinguish between relevant and irrelevant
items, are obtained by the AufoRec item-based algorithm.
Thus, we plan to exploit the more accurate suggestions coming
from the AutoRec to improve the performances of the Hybrid
system. Ontologies can also be used in order to overcome the
heterogeneity of terms adopted by different users [7]. More-
over, results provided by the recommendation systems could
also be refined according to the position of the user in relation
to the work of art he is observing; to this aim, information
coming from IoT sensors [8] could be exploited. Future work
will also focus on a wider experimental analysis, and on the
design of a graphical user interface for an easier fruition of
the suggestions provided by the identified RSs. Moreover, the
generality of the recommender system will allow to adopt
the same framework to provide suggestions in a variety of
application scenarios, such as smart campus [9], [10], [11]
and other smart environments [12], [13]. Finally, we plan
to investigate the use of reputation management mechanisms
[14], [15] in order to detect and discard feedbacks provided
by untrusted users that are interested in compromising the
behavior of the system.
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