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ABSTRACT
Recommender systems help people in retrieving information
that match their preferences by recommending products or
services from a large number of candidates, and support peo-
ple in making decisions in various contexts: what items to
buy , which movie to watch or even who they can invite
to their social network . They are especially useful in en-
vironments characterized by a vast amount of information,
since they can e↵ectively select a small subset of items that
appear to fit the user’s needs.

We present the main points related to recommender sys-
tems using multimedia data, especially for social networks
applications. We also describe, as an example, a frame-
work developed at the University of Naples “Federico II”.
It provides customized recommendations by originally com-
bining intrinsic features of multimedia objects (low-level and
semantic similarity), past behavior of individual users and
overall behavior of the entire community of users, and even-
tually considering users’ preferences and social interests.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous;
H.5.1 [Information Interfaces And Presentation]: Mul-
timedia Information Systems

General Terms
Multimedia Recommender System, Social Networks

1. INTRODUCTION
Images, Audios and Videos are the kind of data most in-

volved in Social Networks applications, due to the extraor-
dinary technological progress that makes possible the gen-
eration and exchange of multimedia content at low cost and
in a very easy way: just to make an example, tons of short
messages, images and video are produced and exchanged us-
ing smart phone, pads and laptop, and are posted every day
over popular social networks (e.g. Facebook, Twitter etc.).
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As a consequence, massive collections of multimedia ob-
jects are now widely available to a large population of users
and to the appealing and sophisticated tools and applica-
tions used for social networks. However, the retrieval of
such objects and, in particular, of the “right” multimedia
component that can be suitable for a certain application,
still remains a challenging problem. To this aim, a number
of algorithms and tools – generally referred to as Recom-
mender Systems – are being proposed to facilitate browsing
of these large data repositories.

We note that the use of recommender systems is one of the
steps for realizing the transition from the era of search to
the era of discovery : that is, according to Fortune magazine
writer Je↵rey M. O’Brien, search is what you do when you
are looking for something while discovery is when something
wonderful that you didn’t know existed, or didn’t know how
to ask for, finds you.

Recommender systems help people in retrieving informa-
tion that match their preferences by recommending products
or services from a large number of candidates, and support
people in making decisions in various contexts: what items
to buy [1], which movie to watch [2] or even who they can
invite to their social network [3]. They are especially useful
in environments characterized by a vast amount of informa-
tion, helping people to e↵ectively select a small subset of
items that fit the user’s needs [4, 5]. This kind of systems
can be used in many contexts, as example in Cultural Her-
itage, for guiding the tourists in their browsing activities or,
in e-Commerce, for suggesting items that the users are likely
to buy.

Here, we present the main points related to recommender
systems using multimedia data, especially for social net-
works applications. We also describe, as an example, a
framework developed at the University of Naples “Federico
II”. It provides customized recommendations by originally
combining intrinsic features of multimedia objects (low-level
and semantic similarity), past behavior of individual users
and overall behavior of the entire community of users, and
eventually considering users’ preferences and social interests.

2. THEORETICAL BACKGROUND
Wikipedia defines Recommender Systems as “a specific

type of information filtering technique that attempts to present
information items (movies, music, books, news, images, web
pages, etc.) that are likely of interest to the user”.

However, this definition shows only one basic idea of the
number of features and aspects of modern recommender sys-
tems.
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From a general point of view, recommenders are a class
of applications that try to predict users choices [6]. Just to
bring the problem into focus, some good examples of recom-
mendation systems are described in the following.

Product Recommendations - perhaps the most important
use of recommendation systems; on-line vendors present each
returning user with some suggestions of products that they
might like to buy on the base of the purchasing decisions
made by similar customers. Movie Recommendations - in
MovieLens.org, for example, users initially rate some subset
of movies that they have already seen, with ratings specified
on a scale from 1 to 6 stars, where 1 is“Awful”and 6 is“Must
See”; MovieLens then uses the ratings of the community to
recommend other movies that user might be interested in
or to predict how that user might rate a movie; therefore,
the recommendation engine should be able to estimate (pre-
dict) the ratings of non-rated movie/user combinations and
generate appropriate recommendations based on these pre-
dictions. News Articles - news services have attempted to
identify articles of interest to readers, based on the articles
that they have read in the past. Social Recommendations -
recommending new friends in social nets, such as Facebook,
Twitter, and so on based on common interests retrieved from
the analysis of the published posts.

In these examples we recognize di↵erent kinds of recom-
mendation, such as personalized recommendation - based
on the individual’s past behavior, social recommendation -
based on the past behavior of similar users, item recommen-
dation - based on features related to the item itself amd any
combination of the approaches above.

What is an “item”? In real applications it is more then
simple text: it includes images, audio and video streams,
and it is not ensured the presence of and adequate metadata
system. In this framework, the challenge is then how to
exploit the information given by multimedia objects, and
how to combine it with past behavior of the single user or of
a community of users in order to provide easy and e↵ective
recommendations.

Let us give some formal description of the above described
problem.

A recommendation system deals with a set of users U =
{u

1

, u
2

,...ui,...um} and a set of objects O = {o
1

, o
2

,...oj ,...on}

1.
For each pair (ui, oj), a recommender can compute a score
ri,j that measures the expected interest of user ui in object
oj (or the expected utility of object oj for user ui), using a
knowledge base and a scoring (or ranking) algorithm that
should take into account that users preferences change with
context. In other terms, for each user u 2 U , the recom-
mendation problem is to choose a set of items in O that
maximize the user’s utility, given the current context.

In this formulation, the utility of an item is usually rep-
resented by a rating which can be an arbitrary function,
including a profit function.

Depending on the application, utility can either be speci-
fied by the user, as it is often done for user-defined ratings,
or computed by the application, as in profit-based utility
functions. Each user in U can be associated with a profile
that includes various characteristics, such as age, gender, in-
come, marital status, and so on; similarly, each data item in
O is associated with a set of features.

1Both O and U can be very large, in the order of thousands
or even millions of items, such as in book recommendations
systems

For instance, in a movie recommendation application, O
being a collection of movies, each movie can be represented
by its title, genre, director, year of release, main actors, etc.

The utility is usually not defined on the whole U⇥O space,
but only on some subset of it, and thus the central problem
is to extrapolate r to the whole space U ⇥ O.

Extrapolations from known to unknown ratings are usu-
ally done by: (i) specifying heuristics that define the utility
function and empirically validating its performances and (ii)
estimating the utility function that optimizes certain perfor-
mance criterion, such as the mean square error. Once the
unknown ratings are estimated, actual recommendations of
an item to a user are made by selecting the highest rating
among all the estimated ratings for that user. Alternatively,
we can recommend the N best items to a user or a set of
users to an item.

As an example of novel and e↵ective recommendation
techniques, in the following we show a system for recommen-
dations of multimedia items, that originally combines intrin-
sic features of multimedia objects (low-level and semantic
similarity), past behavior of individual users, and overall
behavior of the entire community of users and eventually
considering users’ preferences and social interests. Recom-
mendations are ranked using an importance ranking algo-
rithm that resembles the well known PageRank [7] ranking
strategy.

In order to best understand the described system, let us
consider a typical scenario, where an e↵ective multimedia
recommender system would be desirable in social networks
applications. In particular, let us consider popular social
networks (e.g. Facebook, Twitter, Flickr) that, supporting
an intelligent browsing of images’ collection, allow users to
quickly retrieve her or of her friends’ pictures with respect
to a given category (e.g. landscapes, animals, vacation, etc.)
in order to automatically create personalized photographic
album. For example, if the user wants to create an album of
London using photos of her last vacation and other images
of her friends that have just visited the city, an image rec-
ommender systems should be able to suggest all the similar
images with respect to that observed by the user consider-
ing: similarities among images, past behaviors of the users
community, users social interests and preferences.

3. RELATED WORK
Literature about recommender systems is reported in dif-

ferent surveys[4, 8, 9], in which these systems are broadly
classified into three major categories: content based rec-
ommendation, collaborative filtering and hybrid approaches
(that combine collaborative and content-based methods),
using the main results in cognitive sciences, approximation
theory, information retrieval, and forecasting theories.

Recommendations based on content-based approach arise
from research in information retrieval and information filter-
ing [10]: in such frameworks, the suggested item is in some
way “similar” to the previous ones; for example, if a user
would like to have a recommendation about a good movie
to watch, the system tries to understand the commonalities
among the movies the user u has rated highly in the past
(specific actors, directors, genres, subject matter, etc), and
only the movies that have a high degree of similarity to the
user’s preferences would be recommended. In recent times,
the content-based approach has been applied to other types
of multimedia data as in [11], [12].
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Collaborative filtering techniques associate each user to a
set of other users having similar profiles and recommending
items based on the similarity between users, rather than on
the similarity between data items themselves [13, 14]. In
other terms, this process uses the opinions of other people,
shares opinions with others, as in real life peoples discusses
about fashion or places to visit [4], [9].

The combination of collaborative and content based meth-
ods is at the basis of hybrid approaches; as reported in[4],
they are usually classified into di↵erent techniques: (i) im-
plementation of collaborative and content-based methods
separately and combination their predictions [15], (ii) in-
corporation of some content-based characteristics into a col-
laborative approach [16, 17], (iii) incorporation of some col-
laborative characteristics into a content-based approach [18],
and (iv) construction of a general unifying model that incor-
porates both content-based and collaborative characteristics
[19].

Hybrid recommendation systems can also use knowledge-
based techniques, such as case-based reasoning, in order to
improve recommendation accuracy and to address some of
the limitations (e.g., new user, new item problems) of tra-
ditional recommender systems [20, 21]. Some authors [16,
17, 18] empirically compare the performance of the hybrid
with the single ones and demonstrate that the hybrid meth-
ods can provide more accurate recommendations than pure
approaches [22].

In the last years approaches based on the use of knowledge
representation techniques and semantic relationships among
recommended objects have been proposed. For example,
in [23] the authors propose an approach that combines the
on-line user’s personal preferences, general user’s common
preference from users’ most recent experiences, and experts
knowledge for personalized recommendations.

Moreover, a recommending approach that shows ranked
news to users, considering previous visits, the terms con-
tained in articles and the category they are assigned to is
presented in [24] and [25]. The authors designed two proba-
bilistic models based on the aspect model to identify seman-
tic relationships[26] in user access to classified news.

4. THE RECOMMENDATION STRATEGY
So far we have discussed that a multimedia recommender

system for multimedia collections in a social network context
has to provide the capability of reliably identifying those
objects that are most likely to match the interests of a user
at any given point of her exploration.

Generally, we have to address four fundamental questions:
(i) How can we select a set of objects from the collection that
are good candidates for recommendation? (ii) How can we
rank the set of candidates? (iii) How can we capture, repre-
sent and manage semantics related to multimedia objects to
reduce the semantic gap between what user is watching and
what she is looking for? (iv) How can we arrange the rec-
ommended objects considering users’ preferences and social
interests?

To give an answer to the first two questions, we adopt
a recommendation strategy based on an importance rank-
ing method that strongly resembles the PageRank ranking
system and that the authors proposed in [7, 27].

Our basic idea is to assume that when an object oi is
chosen after an object oj during the same browsing session,
this event means that oj “is voting” for oi.

Similarly, the fact that an object oi is very similar to oj

can also be interpreted as oj “recommending” oi (and vicev-
ersa). Thus, we model a browsing system for a set of objects
O as a labeled graph (G,l), where G=(O,E) is a directed
graph and l: E ! {pattern, sim} ⇥ R+ is a function that
associates each edge in E ✓ O⇥O with a pair (t,w), where
t is the type of the edge which can assume two enumerative
values (pattern and similarity) and w is the weight of the
edge. According to this model, we list two di↵erent cases:
(i) a pattern label for an edge (oj ,oi) denotes the fact that an
object oi was accessed immediately after an object oj and,
in this case, the weight wij is the number of times oi was
accessed immediately after oj ; (ii) a similarity label for an
edge (oj ,oi) denotes the fact that an object oi is similar to
oj and, in this case, the weight wij is the similarity between
oj and oi. In other terms, a link from oj to oi indicates that
part of the importance of oj is transferred to oi.

Given a labeled graph (G,l), we can formulate the defini-
tion of preference grade of an object oi as follows:

⇢(oi) =
X

o
j

2P
G

(o
i

)

wij · ⇢(oj) (1)

where PG(oi) = {oj 2 O|(oj , oi) 2 E} is the set of prede-
cessors of oi in G, and wij is the normalized weight of the
edge from oj to oi. For each oj 2 O

P
o

i

2S
G

(o
j

)

wij = 1

must hold, where SG(oj) = {oi 2 O|(oj , oi) 2 E} is the set
of successors of oj in G.

It is easy to see that the vector R = [⇢(oi) . . . ⇢(on)]T

can be computed as the solution to the equation R = C ·

R, where C={wij} is an ad-hoc matrix that defines how the
importance of each object is transferred to other objects and
can be seen as a linear combination of the following elements
[7].

A local browsing matrix Al={al
ij} for each user ul2U. Its

generic element al
ij is defined as the ratio of the number of

times object oi has been accessed by user ul immediately
after oj to the number of times any object in O has been
accessed by ul immediately after oj . A global browsing ma-
trix A={aij}. Its generic element aij is defined as the ratio
of the number of times object oi has been accessed by any
user immediately after oj to the number of times any object
in O has been accessed immediately after oj . A multime-
dia similarity matrix B={bij} such that bij = �(oi,oj)/� if
�(oi,oj)�⌧ 8i6= j, 0 otherwise. � is any similarity function
defined over O which calculates for each couple of objects
their multimedia relatedness in terms of low (features) and
high level (semantics) descriptors; ⌧ is a threshold and � is
a normalization factors which guarantees that ibij=1.

Matrix B allows to address the third question that we
introduced at the beginning of the section and thus to intro-
duce a sort of content-based retrieval in the recommendation
process.

In particular, to compute B matrix in the image realm,
we can adopt the most di↵used multimedia features (Tamura
descriptors, MPEG-7 color-based descriptors, MPEG-7 edge-
based descriptors, MPEG-7 color layout- based descriptors
and all MPEG7 descriptors) and the related similarity met-
rics. In addition, we can exploit specific image metadata
– depending on the considered domain – and the semantic
similarity can be computed using the most di↵used met-
rics for semantic relatedness of concepts based on a vo-
cabulary (Li-Bandar-McLean, Wu-Palmer, Rada, Leacock-
Chodorow, Budanitsky).
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As an example, in [27], we consider the set of digital paint-
ings belonging to a social network related to Cultural In-
stitutions and the semantic similarity combines similarities
among artists, genres and subjects metadata obtained by
using a fixed taxonomy produced by domain experts with
image features. The combination between high and low
level descriptors is based on Sugeno fuzzy integral of Li and
MPEG-7 color layout- based similarities, and Sugeno fuzzy
integral of Wu-Palmer and MPEG-7 color based similarities,
in order to have more high level values of precision an recall;
thus we used this last combination for matrix B computa-
tion.

Still remains to discuss how to compute customized rank-
ings for each individual user considering user context infor-
mation. In this case, we can then rewrite previous equation
considering the ranking for each user as Rl = C · Rl , where
Rl=[⇢(oi). . .⇢(on)]T is the vector of preference grades, cus-
tomized for a user ul.

We note that solving equation R = C · R corresponds to
find the stationary vector of C, i.e., the eigenvector with
eigenvalue equal to 1. In [7], it has been demonstrated
that C, under certain assumptions and transformations, is a
real square matrix having positive elements, with a unique
largest real eigenvalue and the corresponding eigenvector has
strictly positive components. In such conditions, the equa-
tion can be solved using the Power Method algorithm.

It is important to note that C takes into account the
user’s context and does not have to be computed for all
the database objects, but it needs to be computed only for
those objects that are good candidates, i.e. the most sim-
ilar objects to that a user is currently watching (pre-filtering
strategy).

Finally, to met the last question, the set of suggested items
is organized in apposite recommendation lists: they are not
fixed and are arranged on the base of social user interests
and preferences in terms of taxonomic attributes – e.g. fa-
vorite artists, genres and subjects – , which values can either
retrieved using proper questionnaires or gathered by means
of apposite API from the most di↵used social networks. The
preference degree of objects, which do not reflect user needs
in terms of semantic similarities, are penalized and such ob-
jects could be excluded from recommendation (post-filtering
strategy).

5. SYSTEM DESCRIPTION
Figure 1 shows an overview of our multimedia recom-

mender system, which takes as input the current context
in terms of observed objects (e.g. an image) and generates
a list of items. We distinguish the following components.

Items Manager - It is a repository manager that stores the
items to be suggested with the related descriptions. In the
case of images, it consists of an image DBMS, storing raw
data with the related low level features and metadata. Users
Log Tracker - It is a module devoted to capture and store
- in an appropriate format - all the users’ browsing sessions
in terms of accessed items during their explorations. User
Preferences Manager - It is a module devoted to gather from
social networks and manage all the user social interests and
preferences in terms of taxonomic attributes values. Items
Deliverer - It aims at delivering recommended objects to
each user in a format that will depend on the user profile
and device. Recommendation Engine - It is the system core
that for each user and on the base of current context dynam-

ically proposes a set of recommended objects ordered on the
base of their utility. In particular, it is composed by: (i)
a Browsing Matrices Computation Module - able to trans-
forms the collected browsing sessions into two matrices: a
global matrix which takes into account the overall browsing
behavior of the users, and a local matrix which considers the
behavior of a single user; (ii) a Similarity Matrix Computa-
tion Module - capable of computing a similarity degree for
each couple of objects and storing such degrees into a ma-
trix; (iii) a Candidate Set Building Module - computes the
subset of items that are more suitable for users needs; (iv)
a Items Ranks Computation Module - performs the ranking
and post-filtering of the selected candidates for recommen-
dation.

As discussed in [27], the system performances in terms of
user’s satisfaction are encouraging, providing a better (less
frustrating) user experience during assigned browsing tasks
with respect to classical image retrieval systems.

5.1 Application examples in Social Networks
The system is a platform that can provide services for

many social network applications. Just to make few exam-
ples, in the case of image collection, we use recommendation
services to assist users during browsing of image gallery con-
taining objects with the same subject (e.g. landscape, ani-
mal) or to suggest the most e↵ective tags for image indexing
or to automatically create personalized photographic album.
For audio and video data, we can exploit recommendation
services to create personalized play-lists using, for example,
Youtube linked data

6. PRELIMINARY EXPERIMENTS
Recommender systems are generally complex applications
that are based on a combination of several models, algo-
rithms and heuristics. Recently, researchers began examin-
ing issues related to users’ subjective opinions and develop-
ing additional criteria to evaluate recommender systems. In
particular, they suggest that user’s satisfaction does not al-
ways (or, at least, not only) correlate with the overall recom-
mender’s accuracy and evaluation frameworks for measuring
the perceived qualities of a recommender and for predict-
ing user’s behavioral intentions as a result of these qualities
should be taken into account.

Starting from these considerations and based on current
trends in the literature, in [28] we decided to perform both
a user-centric evaluation and a more traditional evaluation
based on well-established accuracy metrics.

In particular, the proposed evaluation strategy aimed at
measuring (i) user satisfaction with respect to assigned brows-
ing tasks, and (ii) e↵ectiveness of the system in terms of
accuracy.

In this work, we in turn evaluated the improvement of ac-
curacy performances due to the post-filtering strategy based
on users’ social preferences. We used the dataset provided
by the http://www.grouplens.org website, which makes avail-
able data collected by the MovieLens recommender system.
Through its website, MovieLens collects the preferences ex-
pressed by a community of registered users on a huge set of
movie titles. The dataset contains (i) explicit ratings about
1682 movies made by 943 users (only users who have rated
at least 20 movies are considered), (ii) demographic infor-
mation about users (age, gender, occupation, zip code), and
(iii) a brief description of the movies (title, year, genres).
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Figure 1: System Overview

Sparsity Strategy RMSE
0.7 Without post-filtering 0.95
0.7 Users’ preferences post-filtering 0.87
0.75 Without post-filtering 0.95
0.75 Users’ preferences post-filtering 0.95
0.8 Without post-filtering 1.02
0.8 Users’ preferences post-filtering 0.97
0.85 Without post-filtering 1.07
0.85 Users’ preferences post-filtering 0.99
0.90 Without post-filtering 1.15
0.90 Users’ preferences post-filtering 1.04
0.95 Without post-filtering 1.32
0.95 Users’ preferences post-filtering 1.16

Table 1: Accuracy Improvement using the post-
filtering strategy

The experiments have been conducted on a collection of
about 1,000 movies, rated by a subset of 100 users: each of
them had rated at least 150 movies and at most 300, assign-
ing each movie a score between 1 (“Awful”) and 5 (“Must
to see”). Additionally, using the timestamp information, we
were able to reconstruct usage patterns for each user and
consequently the browsing matrices.

We compared in Table 1 the accuracy in terms of Root
Mean Square Error of the predictions computed by our rec-
ommender system without and with the post-filtering strat-
egy. In particular, we selected 50 test users (whose social
preferences are captured by proper questionnaires) and com-
puted the average accuracy for 50 predictions on a subset of
the most recently observed items, increasing data sparsity
for the same users.

7. FUTURE WORK
Recommender systems made a significant progress over

the last decade when numerous methods and several sys-
tems have been proposed. However, despite all these ad-
vances, the current generation of recommender systems still
requires further improvements. These extensions include the
improved modeling of users and multimedia large items’ col-
lections, generally depending on the considered application,
incorporation of the contextual information into the recom-
mendation process, support for multi-criteria ratings, and
provision of a more flexible and less intrusive recommenda-
tion process [4].

Our proposal represents an extension of a hybrid recom-
mender system supporting intelligent browsing of multime-
dia collections in social networks domain. We have shown
that the customized recommendations may be computed
combining several features of multimedia objects, past be-
havior of individual users and overall behavior of the en-
tire community of users and users’ social preferences. These
techniques, described into details for images, can be easily
adapted and extended to several kinds of multimedia data
such as video, audio and texts.

In according to the research future directions, the system
could be improved: (i) introducing explicit user profiling
mechanism based on the creation of users categories, (ii)
scaling the systems for large multimedia data collections,
(iii) integrating the several strategies using SOAP as a built-
in service for popular social networks.
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