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Abstract

In the last decade Recommender Systems have be-
come useful tools helping users to find “what they need”
from considerable amount of data. One of the more
obvious applications of such systems in the Cultural
Heritage domain is to assist users when visiting cul-
tural environments (such as museums, archaeological
sites, old town centers and so on), providing a mul-
timedia guide that is able to dynamically suggest rel-
evant information available in multiple web reposito-
ries (e.g. multimedia sharing systems and on-line so-
cial networks). In this paper, we propose a novel rec-
ommendation approach that combines several aspects
of users - i.e. their preferences (usually in the shape
of items’ metadata) and interactions within a social
community modeled using hypergraphs - together with
items’ multimedia features and context information
within a general framework that can support di↵erent
applications (touristic guiding services for museums,
visiting paths recommendation for old town centers and
archeological sites, etc.). Preliminary experiments on
user satisfaction show how our approach provides very
promising and interesting results.

1 Introduction

The development and promotion of worldwide Cul-
tural Heritage using Information and Communication
Technologies (ICT) represent nowadays an important
research issue with a variety of potential applications.

In the last decade, such technologies have radically
changed the purpose of Cultural Heritage exhibitions
that is rapidly moving from an old vision, providing
a tourist with static information consisting of a large
amount of cultural signs, to novel personalized services,
matching the visitors’ personal goals and behaviors by

considering their cultural needs and preferences and
context information.

Indeed, users’ experience could be surely enhanced
if, instead of using classic “tourist” devices, they could
be embedded in a cultural environment with a number
of functionalities for representing the relevant informa-
tion derived from the available digital sources, such as
text descriptions, pictures, and videos. In this way,
tourists would be given the opportunity of enjoying
multimedia stories in real time, thus enriching their
cultural knowledge.

From the other hand, we are assisting to an explo-
sive and amazing increase of digital information, and
as a consequence, more and more huge data collections
of di↵erent nature are widely available and have con-
strained users necessarily to deal with this ocean of
information to find “what they need”. In particular,
on-line social networks (e.g. Facebook) and multimedia
sharing systems (e.g. YouTube, Flickr, Panoramio, In-
stagram, etc.), together with open digital libraries and
archives (e.g. DBpedia), constitute the main multime-
dia information sources that can be considered “useful”
for tourists when they visiting cultural environments
such as museums, archaeological sites, old town cen-
ters and so on.

As well known, Recommender Systems have been
introduced to facilitate the browsing of such collections,
thus realizing the transition in the Web from the search
to the discovery paradigm.

Generally, recommender systems help people in re-
trieving information that match their preferences by
recommending products or services from a large num-
ber of candidates, and support people in making de-
cisions in various contexts: what items to buy, which
movie to watch, which music to listen, what travels to
do, or even who they can invite to their social network,
just to make some examples [24, 25].

One of the more obvious applications of such sys-
tems in the Cultural Heritage domain is to assist users
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when visiting cultural environments, providing a mul-
timedia guide that is able to dynamically suggest rele-
vant information available in multiple web repositories.

Formally, a recommender system deals with a set
of users U = {u1 . . . , um} and a set of items O =
{o1, . . . , on}. For each pair (ui, oj), a recommender can
compute a score (or a rank) ri,j that measures the ex-
pected interest of user ui in item oj (or the expected
utility of item oj for user ui), using a knowledge base
and a ranking algorithm that generally could consider
di↵erent combinations of the following characteristics:
(i) user preferences and past behavior, (i) preferences
and behavior of the user community, (iii) items’ fea-
tures and how they can match user preferences, (iv)
user feedbacks, (v) context information (i.e. user loca-
tion, observed items, weather and environmental con-
ditions, etc.) and how recommendations can change
together with the context.

In the literature, surveys on recommender systems
usually classify the di↵erent kinds of approaches in four
main categories: content-based [22, 29, 30] (with their
extensions to deal multimedia data and their features
[19, 13, 20]) , collaborative filtering [2, 29, 23, 17] (with
their customizations to take into account social ele-
ments as user reviews and opinions [32, 28, 18, 27, 11,
21, 9]), hybrid [26] and context aware [10, 15, 16] tech-
niques. Finally, a recent category of recommenders,
named Large Scale Recommender Systems (LSRS) [31],
calls for new capabilities of such applications to deal
with very large amount of data with respect to scala-
bility and e�ciency issues.

In our opinion, modern recommending applications
have to take into account in some way all the above
characteristics to provide useful and reliable recom-
mendations both for virtual and physical environments.
To this goal, the last generation of recommender sys-
tems is usually composed by one or more of the follow-
ing components [25].

A pre-filtering module that selects for each user ui

a subset Oc
i ⇢ O containing items that are good can-

didates to be recommended; such items usually match
user preferences and needs.

A ranking module that assigns w.r.t. user ui a rank
ri,j to each candidate item oj in Oc

i using the well-
known recommendation techniques (i.e., content-based,
collaborative filtering and hybrid approaches) that can
exploit in several ways items’ features and users’ pref-
erences, feedbacks (in the majority of cases in terms of
ratings) and behavior.

A post-filtering module that dynamically excluds,
for each user ui, some items from the recommendations’
list; in this way, a new set Of

i ✓ Oc
i is obtained on the

base of user feedbacks, other contextual information

(such as data coming from the interactions between
the user and the application) and possible additional
constraints.

In this paper, we propose a novel recommendation
approach that combines several aspects of users - i.e.
their preferences (in the shape of items’ metadata) and
interactions (user to user and user to content) within
a social community modeled using hypergraphs - to-
gether with items’ multimedia features and context in-
formation within a general framework that can sup-
port di↵erent applications (touristic guiding services
for museums, visiting paths recommendation for old
town centers and archeological sites, etc.).

In other words, it is the user with his/her preferences
(in the pre-filtering stage) and actions (in the post-
filtering stage) to drive the recommendation process
towards the real useful items among those that a social
community considers the “best ones” (computed in the
ranking stage), as in a collaborative filtering approach,
where a user “learns by the others” the item utility, on
the base of an influence measure.

The paper is organized as follows. Section 2 provides
a functional overview of our system and describes the
proposed strategy for recommendation. Section 3 illus-
trates a system customization for a tourist multimedia
guide, reporting some implementation details. Section
4 reports preliminary experimental results, and pro-
vides a comparison with other recommendation tech-
niques. Finally, Section 5 gives some concluding re-
marks and discusses future work.

2 The framework

2.1 System Overview

Figure 1 describes at a glance an overview of the
proposed system.

Multimedia data to be recommended are retrieved
by a Wrapper component that is composed by
several modules. The Crawler is responsible of:
(i) periodically accessing to the items’ repositories
(e.g., Instagram, Flickr, Panoramio, Google Images,
YouTube,Facebook, DBpedia etc.), (ii) extracting for
each item all the features (e.g., metadata, multimedia
descriptions, etc.) and other information (e.g. user
preferences, comments, time-stamped items’ observa-
tions and all the di↵erent interactions between users
and objects). A part of such information will be then
exploited by the Hypergraph Learning module to build
the hypergraph modeling the entire Multimedia Social
Network (MSN)[6]. After the wrapping phase, all the
information are stored in the Knowledge Base of the
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system. In particular, it is composed by: (i) the Mul-
timedia Social Network Hypergraph, (ii) the Items DB
containing items with all the related features, (iii) User
Profiles containing user preferences, (iv) Contextual
Data containing some additional context information
(e.g. user location, weather conditions, etc.).

Multimedia items are then grouped by the related
cultural Points Of Interest (POIs): e.g. paintings of
museum rooms, buildings in ancient ruins or in an old
town center, etc.

The Recommender Engine provides a set of recom-
mendation facilities for multi-dimensional and interac-
tive browsing of items. Exploiting user preferences,
the Prefiltering module selects a set of candidate items
for recommendation; successively, the Objects Rank-
ing module assigns a ranking of such candidates ex-
ploiting some ranking functions defined on the MSN.
Finally, the Postfiltering module dynamically selects
on the base of some constraints (e.g. the item that a
user is currently watching and context information) a
subset of candidates.

Crawler

Hypergraph
Learning

Multimedia Social
Network Hypergraph

User Profiles

Items DB Contextual 
Data

WRAPPING
MODULES

DATA
SOURCES

KNOWLEDGE BASE

RECOMMENDER ENGINE

Prefiltering Object Ranking Postfiltering

Figure 1. System Overview.

2.2 Recommendation Process

2.2.1 Pre-filtering Stage using user prefer-

ences

In the pre-filtering stage, our aim is to select for a
given user uh a subset Oc

h ⇢ O containing items that
are good “candidates” to be recommended.

Each item subjected to recommendation may be rep-
resented in di↵erent and heterogeneous feature spaces.
For instance, a picture may be described by a set of

metadata as title, description, tags, by the position in
which was token and so on. Each of these sets of fea-
tures contributes to the characterization of the items
to di↵erent extents.

The first step consists in clustering together “sim-
ilar” items, where the similarity should consider all
(or subsets of) the di↵erent spaces of features. To
this purpose, we employ high-order star-structured co-
clustering techniques - that some of the authors have
adopted in previous work [14, 7, 8] - to address the
problem of heterogeneous data pre-filtering.

Let O = {o1, . . . , on} be the set of items and F =
{F 1, . . . , F l} a set of l feature spaces. In our recom-
mendation problem, a user uh is represented as a set
of vectors in the same l feature spaces describing the
items. To provide a first candidate list of items to be
recommended, we measure the cosine distance of the
user vectors associated to the k-th space, with the cen-
troids of each item clusters in the k-th space. For each
space, the most similar item cluster is chosen leading
to l clusters {Xc

1 , . . . , X
c
l } of candidate items.

Then, two di↵erent strategies can be adopted to pro-
vide the pre-filtered list of candidate items Oc

h: (i) set-
union strategy - the items belonging to the union of all
clusters are retained, i.e., Oc

h =
S

k X
c
k; (ii) threshold

strategy - the items that appears in at least ths clusters
(ths 2 {1 . . . l}) are retained.

2.2.2 Ranking Stage via hypergraph modeling

The main goal of this stage is to automatically rank
the set of itemsO embedding in a collaborative learning
context: the MSN deriving by the integration of the
di↵erent multimedia data sources. In particular, we
use a novel technique that the authors have proposed
in a previous work [6]. In our vision, a MSN is basically
composed by three di↵erent kinds of entities (nodes):

• Users - the set of persons and organizations consti-
tuting the particular social community: several in-
formation concerning their profile, interests, pref-
erences, etc. can eventually be considered and ex-
ploited by our model;

• Multimedia Objects - the set of multimedia re-
sources (i.e. images, video, audio, posts, docu-
ments, etc.) that can be shared within a MSN
community: high level (metadata) and low level
information (features) can be properly used in our
model;

• Annotation Assets - each set of symbols (e.g., key-
word, tag, label, etc.) exploited by users to anno-
tate multimedia resources within a MSN; we ex-
plicitly note that it is possible to relate a given as-
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set with a specific concept (as an example a topic,
a named entity, etc. which definition can be found
into dictionaries, ontologies and so on), thus for-
mally providing the related semantics.

Several types of relationships can be established
among the described entities: a user can annotate an
object with a particular tag, two friends can comment
the same object, a user can tag another user in a photo,
a user can share an object within a group, etc. In
particular, we distinguish between user to user rela-
tionships, describing user actions towards other users,
and user to multimedia relationships, describing user
actions on objects, eventually involving some annota-
tion assets. In addition, similarity relationships can be
added between two objects (using multimedia features)
or between two assets (by taxonomic distances).

Due to the variety and complexity of these relation-
ships, we leverage the hypergraph formalism to model
a MSN (all the details are provided in [6]). Then,
we introduce some functions can be profitably used to
“rank” users or multimedia objects in a MSN.

In our model the concept of rank of a given node is
related to the concept of influence, and in our vision
it can be measured by the number of user nodes that
are “reachable” within a certain number of steps using
any hyperpath, with respect to a social community of
users, and eventually to a given topic of interest.

The final goal is to compute the ranking of the mul-
timedia items in Oc

h, using as measure the social influ-
ence of each object withih the users’ community.

2.2.3 Post-Filtering Stage by context informa-

tion

In this stage, we have introduced a post-filtering
method for generating the final set of “real” candidates
for recommendation using context information.

The context is represented by means of the well-
known key-value model [1] using as dimensions some
of the di↵erent feature spaces related to items. In our
system, context features can be expressed either di-
rectly using some target items (e.g. objects that have
positively captured user attention) or specifying the
related values in the shape of constraints that recom-
mended items have to satisfy.

Assume that a user uh is currently interested in a
target item oj . We can define the set of candidate
recommendations as follows:

Of
h,j =

M[

k=1

{oi 2 Oc
h | akij > 0} [ {oi 2 NNQ(oj , O

c
h)}

(1)

The set of candidates includes the items that have
been accessed by at least one user within k steps from
oj , with k between 1 and M , and the items that are
most similar to oj according to the results of a Nearest
Neighbor Query (NNQ(oj , Oc

h)) functionality. Note
that a positive element akij of Ak indicates that oi was
accessed exactly k steps after oj at least once. The
ranked list of recommendations is then generated by
ranking the items in Of

h,j , for each item oj selected
as interesting by user uh, using the ranking vector Rh

thus obtaining the final set Of
h.

Finally, for each user all the items that do not re-
spect possible context connstraints are removed from
the final list.

3 A Case Study

We have opportunely customized our system in or-
der to provide touristic multimedia guiding services for
users that are interested in visiting the old town center
of Naples, Italy. On the base of user preferences and
actual position, a set of POIs are shown on a proper
map to tourists correlated with a multimedia descrip-
tion.

For instance, when a user is approaching a partic-
ular cultural POI (e.g. Piazza del Gesu’ Nuovo), the
related multimedia description and the set of candidate
objects (i.e. images and texts related to the near POIs)
are delivered on the user’s mobile device (pre-filtering
stage).

The list of proposed objects depends on the user’s
preferences (e.g. the majority of items will be images if
a user prefers to see such kinds of data and will reveal
e↵ective user needs), is initially ordered according to
e↵ective user location (i.e. the closest items will appear
at the top of list) and contains data grouped by the
related cultural POI. Successively, after the user has
selected one or more objects (for example the item he is
currently watching), the recommendation services first
perform a ranking (ranking stage) of all the candidate
objects according to their recommendation grades and
then filters the recommendation list considering only
the most similar items to target objects (post-filtering
stage).

When a user is near to a di↵erent POI, he/she can
decide to modify the list of target objects (e.g. remov-
ing those related to the previous visited POI or adding
new objects) and consequently recommendations will
be automatically updated, thus including new items.

The design choices are briefly reported in the follow-
ing.

• We consider as data source Flickr, Instagram,
Panoramio, DBPedia and other domain digital
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libraries, collecting about 500,000 items (images
and texts related to historical buildings, churches,
famous square and other attractions) and about
5,000 user profiles.

• As items’ metadata, we consider for each multime-
dia item information related to title, description,
type, kind, language, tags, keyword, comments, rat-
ings (and for pictures the geographic position in
which were taken). In addition, images are also de-
scribed by a set of low-level features (i.e. SURF).

• For each item, available users’ preferences, com-
ments, feedbacks and other actions have been cap-
tured, also exploiting correlated public informa-
tion from Social Networks (i.e. Facebook).

For what implementation details concern, the Wrap-
ping modules leverage proper API and JAVA libraries
to collect the di↵erent information of interest.

The Knowledge Base, realized using di↵erent tech-
nologies, allows to manage all the di↵erent kind of in-
formation: Contextual Data instances (messages con-
taining information about users’ position) are man-
aged by the Cassandra DBMS, Items’ descriptions are
stored in the Turtle format and managed by the Alle-
groGraph repository (semantics of data can be specified
by linking values of some attributes to some available
ontological schema), User Profiles and the MSN hy-
pergraph are respectively managed by MongoDB and
Neo4j DBMSs.

On the other hand, the Recommender Engine ex-
ploits proper JAVA libraries (some developed for
the system presented in [5] and integrated with co-
clustering libraries [7] and the rank refining proce-
dure1) to accomplish its tasks.

Finally, a user can interact with our system using
at the moment an Android Multimedia Guide App ex-
ploiting Google Map API.

4 Experimental Results

Recommender Systems are very complex applica-
tions that are based on a combination of several mod-
els, algorithms and heuristics. This complexity makes
evaluation e↵orts very di�cult and thus results are
hardly generalizable, as reported in the literature [3].
Moreover, characterizing and evaluating the quality of
a user’s experience and subjective attitude toward the
acceptance of recommender technology is an important
issue which we will consider in the following.

1
we use LIRE for the content-based image retrieval

The majority of research e↵orts on recommender
system evaluation have mainly focused on prediction
accuracy and stability (e.g., [3]).

More recently, researchers began examining issues
related to users subjective opinions and developing ad-
ditional criteria to evaluate recommender systems. In
particular, they suggest that user satisfaction does not
always (or, at least, not only) correlate with the overall
recommenders accuracy.

Starting from these considerations and based on cur-
rent trends in the literature, we decided to perform a
user-centric evaluation based on user satisfaction with
respect to assigned activities, evaluating how our rec-
ommendations can e↵ectively support browsing tasks
of di↵erent complexity when the complexity of desired
itesm increases.

As in our previous work [4, 5, 7, 8], we evaluate the
impact of the proposed system on users engaged in sev-
eral search tasks of multimedia items and compared its
performances with the well-known Panoramio system2

that, in turn, provides basic search mechanisms.
In particular, our goal was to establish how helpful

our system is in assisting the search of specific multi-
media objects (images) and guiding the users towards
information which satisfy their interests. The dataset
used in these experiments is a subset of about 10,000
items related to specific POIs.

In order to evaluate the impact of the system on the
users, we have conducted the following experiments.
The system was make available to a set of 50 users.
These users were all interested in the cultural heritage
domain, they already had experience in the use of PCs
and electronic devices, even if they were not experts in
ICT. We asked these users to browse the collection of
items and complete several search tasks (20 tasks per
user) of di↵erent complexity (five tasks for each com-
plexity level), using Panoramio facilities. After this
test, we asked them to browse the same collection with
the assistance of our recommender system and com-
plete other 20 tasks of similar complexity. We have
subdivided browsing tasks in the following four broad
categories:

1. Low Complexity search tasks (T1): e.g. find at
least 30 images related to 3 di↵erent POIs depict-
ing ancient churches;

2. Medium Complexity search tasks (T2): e.g.
find at least 50 images related to 5 di↵erent POIs
depicting ancient churches, historical building and
famous squares (10 objects for each subject);

2
http://www.panoramio.com/
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Table 1. Comparison between our system and
Panoramio in terms of ta and nc average val-
ues

Task Class System ta(sec) nc

Low Complexity Recommender 155 38
Low Complexity Panoramio 164 42
Medium Compl. Recommender 335 84
Medium Compl. Panoramio 402 104
High Complexity Recommender 1156 298
High Complexity Panoramio 1302 334
Very High Compl. Recommender 1645 351
Very High Compl. Panoramio 1832 410

3. High Complexity search tasks (T2): e.g. find
at least 100 images related to 10 di↵erent POIs
(near to the actual user position) depicting ancient
churches, historical building and famous squares
(10 objects for each subject);

4. Very High Complexity search tasks (T2): e.g.
find at least 150 images objects related to 10 dif-
ferent POIs (near to the actual user position) de-
picting ancient churches, historical building and
famous squares (15 objects for each subject).

Note that the complexity of a task depends on sev-
eral factors: the number of items to explore, the type
of desired features and the number of additional con-
straints. Two strategies were used to evaluate the re-
sults of this experiment: (i) empirical measurements of
access complexity in terms of mouse clicks and time;
(ii) TLX (NASA Task Load Index factor).

With respect to the first strategy, we measured the
following parameters: (i) access time (ta) – the average
time spent by the users to request and access all the
images for a given class of tasks; (ii) number of clicks
(nc) – the average number of clicks necessary to collect
all the requested images for a given class of tasks.

Table 1 reports the average values of ta and nc for
both Panoramio and our system (Recommender), for
each of the four task complexity levels defined. Es-
pecially for the most complex tasks, our system shows
better performances than Panormaio, especially for the
more complex tasks.

We then asked the same group of users to express
their opinion about the capability of Panoramio and
our system respectively to provide an e↵ective user ex-
perience in completing the assigned search tasks, based
on the TLX evaluation protocol [12].

Specifically, TLX is a multi-dimensional rating pro-
cedure that provides an overall workload score based on

Table 2. Comparison between our system and
Panoramio in terms of TLX factors for each
category of users
TLX factor Recommender Panoramio

Mental demand 39 41
Physical demand 36.3 48
Temporal demand 39 50

E↵ort 35 50.5
Perfomances 69.7 79.8
Frustation 33.2 44.1

a weighted average of ratings on six sub-scales: men-
tal demand, physical demand, temporal demand, own
performance, e↵ort and frustration. Lower TLX scores
are better and the average scores are then reported in
Table 2.

Our system outperforms in a significative way
Panormaio in every sub-scale except formental demand
and performance: this happens because sometimes an
expert user considers the automatic suggestions not
useful, just because they know what they are looking
for.

In summary, our system provides a better (less frus-
trating) user experience during the search tasks. In
addition, the fact that search tasks can be completed
faster using our system is an indication that recom-
mendations are e↵ective, as they allow a user to ex-
plore interesting and related items one after another,
without the interference of undesired items that would
otherwise slow down the process.

5 Conclusions and Future Work

In this paper a novel multimedia and scoial rec-
ommendation approach for Cultural Heritage appli-
cations. It combines several aspects of users - i.e.
their preferences (usually in the shape of items’ meta-
data) and interactions within a social community mod-
eled using hypergraphs - together with items’ multi-
media features and context information within a gen-
eral framework that can support di↵erent applications
(touristic guiding services for museums, visiting paths
recommendation for old town centers and archeological
sites, etc.).

Preliminary experiments on user satisfaction
demonstrated how our approach achieve very promis-
ing and interesting results. Future works will be
devoted to extend the experimental evaluation to
a larger multimedia data set, also considering the
performance, evaluated in terms of accuracy, precision
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and recall, of the performed recommendations. More-
over, we plan to apply our approach to other kinds
of data gathered from heterogeneous collections and
compare our approach with other ones proposed in the
literature.
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