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Recommender systems have become a popular and effective means to manage the ever-increasing amount of
multimedia content available today and to help users discover interesting new items. Today’s recommender
systems suggest items of various media types, including audio, text, visual (images), and videos. In fact, scientific research related to the analysis of multimedia content has made possible effective content-based recommender systems capable of suggesting items based on an analysis of the features extracted from the item
itself. The aim of this survey is to present a thorough review of the state-of-the-art of recommender systems
that leverage multimedia content, by classifying the reviewed papers with respect to their media type, the
techniques employed to extract and represent their content features, and the recommendation algorithm.
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human decision-making and is therefore considered in the recommendation process. Examples of the identified domains include fashion, tourism, food, media streaming, and e-commerce.
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1 INTRODUCTION
Information overload has become a serious issue of the modern society. As a remedy, recommender
systems (RS)1 have emerged as a paradigm of information push. They aim to mitigate the negative impacts of the over-choice burdened on users, which can result in poor decision-making,

1 Please

note that we provide a list of abbreviations used in the survey as an appendix.
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(emotional) exhaustion, and loss of time. RS are data-driven algorithms whose goal is to present
to users a selected and personalized subset of items from a huge set of distinct candidate items.
As such, RS reduce the effects of information overload and help users to more easily identify what
they could be interested in, therefore increasing the quality of their decision-making process. A
massive amount of research has been devoted to improve RS, not least because of initiatives such
as the Netflix Prize,2 driven by commercial interests [Koren et al. 2009].
Algorithms for RS can be broadly classified into collaborative filtering (CF), context-aware (CA),
content-based filtering (CBF), and hybrid.
• Collaborative Filtering (CF) models rely on historical behavioral data of a community of
users, either past interactions with items (e.g., previous clicks, check-ins, purchases) or explicit preferences (e.g., rating scores), to identify preference patterns and predict the utility
of unknown items to an active user [Koren and Bell 2015]. CF models can be classified into
memory-based and model-based approaches. Memory-based approaches directly work with
the dataset of interactions, while model-based approaches assume an underlying model that
explains the user-item interactions and try to discover it to make recommendations [McFee
et al. 2012; Yuan et al. 2016]. Model-based approaches can be further categorized into linear
methods, such as matrix factorization (MF) and graph-based methods, and nonlinear methods, such as the ones based on deep neural networks (DNN).
• Context-aware (CA) models enhance CF by including contextual information into the model
(e.g., time or location) to capture the current need of the user [Aggarwal 2016b].
• Content-based filtering (CBF) models require as input the target user’s behavioral data (but
not those of non-target users’) together with item content information, typically represented as real-values vectors [Hu et al. 2008]. To give some examples in the multimedia
domain, item properties can be words or concepts in a text, colors in an image, amount of
motion in a movie, or rhythm in a music piece.
• Hybrid recommender systems combine two or more of the previous approaches, using a
fusion approach [Burke 2002; Çano and Morisio 2019].
Most CBF methods (or hybrids thereof) receive text as the only input media type (e.g., the description of a product, the plot of a movie, the synopsis of a book). Fewer CBF approaches also
process aural or visual content, together with text, to generate better quality recommendations.
The purpose of this survey is to provide a comprehensive review of RS that incorporate multimedia
(MM) content in the design space of the recommendation model. As such, the recommendation
methods that are of interest in this survey are either pure CBF models or hybrid systems that
combine CBF with CF or CA approaches. In this context, multimedia content (i.e., combinations
of audio, visual, text) can be used in two recommendation scenarios to recommend:
(1) a particular media item to a user—for example, a music track or a movie; or
(2) a non-media item by leveraging multimedia content related to that item—for example, to
recommend clothes based on the visual appearance of respective photos.
In this survey, both scenarios are addressed. We analyze RS that exploit at least one of aural or
visual modalities to recommend either media items (e.g., , music, pictures, movies, user-generated
videos) or non-media items that have media-related attributes (e.g., a fashion item described with
pictures and text). We highlight that pure text-based CBF models have been studied for long
in the RS community. We therefore do not review pure textual content-based recommenders
[Aggarwal 2016a; de Gemmis et al. 2015], but we include approaches where text is not the unique
2 http://www.netflixprize.com.
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kind of item description. The motivation is to analyze the impact of audio and visual stimuli on
user preferences.
Terminology: Since the term “multimedia.” is not unambiguously defined in literature, it is
vital to clarify the following notions, which we use throughout the survey:
• We use the term “modality” to refer to the information extracted from different signal channels. We consider three basic modalities: aural, visual, and textual (A, V, T).
• We use the term “media item” to refer to an item composed of one or several (A, V, T)
modalities.
A, V, and T serve as basic atoms describing various media items. To give a few examples of media
items (and constituting modalities): picture (V), pop song (A + T), piano sonata (A), silent movie (V),
regular movie (A + V + T), news article with surrounding images (A + T). Based on this definition,
we can consider all examples in which a single modality is used as unimodal or atomic media items;
when more than one modality is included as multimodal or composite.3
The practical outcome of the present survey is:
• It highlights more than 10 domains in which multimedia content (processing) is used to
solve a real-world recommendation problem. Examples of these domains include: music,
video, fashion, food, e-commerce, social media, cultural heritage, and tourism.
• It underscores the importance of visual and aural properties of items interacted with in
modeling a user’s profile.
• It unifies the advances made in the communities of MM and RS by presenting a framework
of RS leveraging MM content, which we use to categorize the reviewed research works (cf.
Section 1.1).
• It highlights that multimedia content can be useful to recommend items that are not necessarily media types but may also be generic items (e.g., fashion items or food).
• Additionally, we created an open-source repository that includes all reviewed articles categorized with respect to target domain.4 We hope this repository will facilitate benchmarking multimedia-related projects in the RS field by providing links to respective code and
datasets.
1.1 The Pipeline of Recommender Systems Leveraging Multimedia Content
A recommender system leveraging multimedia content generally follows the steps sketched in
Figure 1 and described in the following. Please note that only important steps in the demonstrated
pipeline are used for categorization in Tables 1, 2, 3, and 4.
1. Segmentation: The goal of segmentation is to partition the media signal into segments that
are homogeneous in some feature space. The motivation is efficiency (e.g., a video can contain
thousands of similar frames) and improving informativeness of the final descriptor. In the case
of audio, segmentation is achieved via framing, e.g., splitting the raw audio signal into frames
covering a number of samples that equal tens or hundreds of milliseconds. In case of images,
segmentation is performed via clustering image regions, e.g., with respect to color, a process known
as spatial segmentation. For videos, the segmentation can be done both in space and time. In case
of text, segmentation is commonly realized via tokenization, i.e., splitting a text into words or ngrams (sequences of n words). Please note that segmentation is an optional step and not always
performed for all media types, e.g., also the raw pixel values of an image can be fed into a DNN.
3 Our definition is consistent with the literature of multimedia information retrieval [Mayer 2005; Stanciulescu 2008]. Some-

times, the terms “sensory modality level.” and “physical level.” are used to refer to the same concepts.
4 https://github.com/yasdel/mmrecsys_survey20.
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Fig. 1. Generic framework for recommender systems leveraging multimedia content.

Fig. 2. Different paradigms of feature extraction for recommendation task leveraging multimedia content:
(a) handcrafted feature extraction, (b) machine-learned feature extraction, (c) end-to-end learning.

2. Feature Extraction: The goal of feature extraction is to describe the content of a media
item in a low-dimensional and descriptive way, so it can be exploited in subsequent processing
steps. From an algorithm point-of-view, we can identify three paradigms of feature extraction as
illustrated in Figure 2:
• Handcrafted features: Before the advent of representation learning, handcrafted features,
designed by domain experts, were predominantly used in all tasks related to multimedia
processing.
While, on one hand, the handcrafted features can introduce the risk that some interesting
but non-intuitive phenomena may be neglected in the definition of features; on the other
hand, their advantage is that they are often semantically interpretable, making them suitable
for explanation purposes in RS.
ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.
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• Feature extraction using classical machine learning: Such methods involve training a machine
learning model on a specific dataset and represent new items (from a comparable distribution) by applying the learned model. Examples of this type of feature include i-vectors
[Dehak et al. 2011] in the audio and Fisher vectors in the image domain [Perronnin and
Dance 2007].
• End-to-end (E2E) learning: As a specific class of machine learning, the motivation behind E2E
learning is to eliminate the need for handcrafted heuristics. E2E unifies feature extraction
and model learning into a single step and has been highly popularized in the context of
DNNs. In a deep E2E system, the system is only provided with the raw data (e.g., images)
and the target user’s feedback (e.g., user’s item ratings), and the network learns parameters
across multiple layers (> 3) of a DNN that can map the raw data to output directly, without
the need to extract intermediate features.
With the exception of E2E learning, which does not produce feature vectors, the results of feature extraction are descriptors representing item content. We classify them into:
(1) Basic signal-level features: For audio (Table 1), these include energy, spectral, timbre, and
beat-related features. For images (Tables 2 and 3), they include color, texture, edge, and
shape.
(2) Specific feature extraction method: Beyond basic signal-level features, we distinguish a
number of popular audio processing and computer vision algorithms used for feature
extraction.
• Aural features: The common methods to extract features from raw audio signals, as
shown in Table 1, include: short-time Fourier transform (STFT) [Allen 1977], Mel frequency cepstral coefficients (MFCC) [Logan 2000], and automatic feature learning based
on a convolutional neural network (CNN) fed with the spectrogram [Oramas et al. 2017;
Schlüter 2016].
• Visual features: The most common methods to extract features from image content
(Tables 2 and 3) include: speeded up robust features (SURF) [Bay et al. 2006], scale invariant feature transform (SIFT) [Lowe 2004], local binary patterns (LBP) [Ojala et al. 2002],
Gabor filters [Manjunath and Ma 1996], discrete Fourier transform (DFT), histogram of
oriented gradients (HOG) [Dalal and Triggs 2005], and CNN [Krizhevsky et al. 2012].
3. Item Representation: To obtain a standardized representation of each item e.g., fixed-length
feature vector, extracted features typically undergo an additional processing step, such as bag of
(visual) words (BOWs) modeling, feature aggregation (e.g., temporal aggregation of audio features),
or dimensionality reduction. In text, the most popular item representation technique is the BOW
model, where the features employed to formally represent a text are terms (words) or n-grams.
Similarly, such a BOW model can be adapted to other domains. For images, salient points (e.g.,
detected by SIFT) can be clustered using k-means, such that each cluster center represents a “visual
word.” The image is then represented by a weight vector over these visual words. In audio, the
same approach can be applied using MFCC vectors as “audio words.” As an alternative to k-means,
features can be aggregated by Gaussian mixture models (GMM), which describe all feature vectors
of a given item as a fixed number of Gaussian distributions (as means, covariances, and mixture
weights). Vector quantization (VQ) is an efficient approach to represent feature vectors using some
statistics over a finite set of prototype vectors that form a codebook.
In addition to simple BOW models, terms are often weighted using the tf-idf weighting function
or the Okapi BM25 term weighting, e.g., Baeza-Yates and Ribeiro-Neto [2011]. More recently, text
representations that consider the context of words (i.e., terms that occur in similar contexts are
ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.
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semantically similar) have become popular. Word embeddings are then dense words representations in which similar words have a similar context. Word2vec [Mikolov et al. 2013a] and Glove
[Pennington et al. 2014] are two popular algorithms aimed at producing such word embeddings.
For what concerns data fusion, we consider three types of fusion: early fusion, late fusion, and
others. In early fusion, features are combined before feeding them into the prediction system;
for example, by concatenation of feature vectors or more advanced methods such as canonical
correlation analysis (CCA) [Deldjoo et al. 2019]. In late fusion, the outputs of different prediction
systems are combined; for instance, consider rank aggregation method based on the Borda count
[Deldjoo et al. 2018a] and priority-aware fusion [Du et al. 2020] approach used for multimodal
data fusion in MMRS. Other fusion techniques that cannot easily be categorized into early or late
include: re-ranking methods [Andjelkovic et al. 2019], combining features in a latent space [Liu
et al. 2014] or at intermediate similarity-level [Bartolini et al. 2013; Canini et al. 2013], neural
approaches [Ma et al. 2018], kernel-based approaches [Deng et al. 2013], optimization-based
approaches [Cui et al. 2014], and graph-based fusion [Cui et al. 2010; Farseev et al. 2017].
4. Semantic Orientation: Depending on the application in question, the features extracted
from the media items may be semantically oriented into prediction of particular target classes in the
expectation that this will eventually have a positive impact on the final quality of recommendation.
For instance, features extracted may be oriented into prediction of some predefined emotion or
genre classes, human-generated tags (auto-tagger), or some latent factor features of CF models.
We also consider approaches relying on DNNs pre-trained for tasks other than RS. In Tables 1 to 3,
we use the notation sig−>tag (i.e., MM signal is used to predict tags), sig−>CF-LF (i.e., MM signal
is used to predict latent factors for CF), and sig−>NN (i.e., MM signals are projected into a latent
space represented by a neural network) to show these kinds of features semantic orientation.
5. Learning Recommendation Model: Let U and I denote a set of real users and items, and
д : U × I → R a utility function. A recommendation problem is defined as:
∀u ∈ U, iu = argmax д(u, i),
i ∈I

(1)

where д(u, i) is the estimated utility of item i for user u, based on which the items are ranked and
iu is an item not consumed by u before.
Definition (Recommendation by exploiting MM content). Given U and I, assuming that each
item i ∈ I can be described in terms of one or a combination of aural (A), visual (V), and textual
(T) modalities, the recommendation problem by leveraging MM content can be formulated
as:
∀u ∈ U, iu = argmax f (дd (u, i)),
i ∈I

d ∈ {V , A,T }

(2)

in which дd (u, i) is the utility computed across several modalities d ∈ {V , A,T }, where f is an
aggregation operator of the utility computed on each modality [Deldjoo et al. 2018d].
In overview tables 1, 2, 3, and 4, we classify recommendation models according to their class
(CBF, CF, CA), specific type (memory-based, latent factor model (LFM), graph-based, and deep neural network models), and finally whether they represent an E2E system. When dealing with CA
systems, we distinguish two types of contexts: multimedia and situational. The former is when the
system requires a user to proactively provide a multimedia item to activate the recommendation
process (e.g., recommending accessories that complement an item the user is looking
√ at). In contrast, situational context refers to factors such as time or location. We use the mark * throughout
the tables to highlight multimedia context and E2E systems.
ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.
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1.2 Strategy for Literature Search
To identify the publications relevant for this survey, we adopted a multi-level search strategy. We
started by finding relevant research works from top conferences in the fields of RS and MM, i.e., the
ACM Conference on Recommender Systems and ACM Conference on Multimedia, respectively,
and collected a majority of the publications that address topics within the scope of the survey.
Having in mind that many other venues on (multimedia) information retrieval and multimedia
signal processing also publish relevant works, we also gathered a number of related publications
by searching on Google Scholar and filtering for the name of the following journals and organization conferences: IEEE Transactions on Multimedia; Journal of Multimedia Tools and Applications;
ACM Transactions on Intelligent Systems and Technology; IEEE Transactions on Audio, Speech, and
Language Processing; ACM Special Interest Group on Information Retrieval conferences; and International Society for Music Information Retrieval conferences. Last, we performed some free search
in Google Scholar and obtained a number of papers from other venues. We focused on conference
proceedings and journals, to a much lesser extent on workshop publications. After having read
the publications identified as explained above, we looked for the closest work to each publication, usually cited in the target publication and sometimes by using the “Related Work” option in
Google Scholar. This way, we obtained a second list of publications. While we are quite sure that
we did not find all publications that address a recommendation problem by leveraging multimedia
content, we are confident that we could identify a vast majority of relevant publications.
1.3

Survey Context and Related Surveys

While there exist several survey articles on RS topics (e.g., Bobadilla et al. [2013], Ekstrand et al.
[2011], Holey and Prabhune [2014], Park et al. [2012], Rafsanjani et al. [2013], Shi et al. [2014]), to
the best of our knowledge, none of them focuses on recommendation in the multimedia domain
based on content features. In contrast, the current survey at hand provides a comprehensive study
of algorithms and systems that exploit multimedia content information and possibly uncover relationships between modalities. This can, in turn, provide RS with a rich and diverse source of
information that can be relevant to the recommendation task.
The survey at hand is, nevertheless, related to other literature reviews on recommender systems,
which take different perspectives. In terms of recommendation domain, there exist surveys that
focus on e-commerce [Wei et al. 2007] or music [Bonnin and Jannach 2014; Knees and Schedl 2013],
or only a specific use case, e.g., MMRS for mobile environments in smart communities [Xia et al.
2013]. Technology-wise, recent surveys on adversarial machine learning [Deldjoo et al. 2020c] and
deep learning [Zhang et al. 2019] in RS present recent neural breakthroughs to solve hard tasks in
MMRS. Fashion item generation or complementary recommendation are examples of such nontrivial tasks that have been addressed by using generative adversarial networks (GANs) or Siamese
networks reviewed in these surveys.
Also, we would like to point to the recent line of research on interpretability and explainability
of multimedia recommendations, among others in the fashion domain. While we acknowledge this
important trend, surveying these topics is beyond the scope of the present article, but a respective
survey can be found in Zhang and Chen [2020].
2

RECOMMENDER SYSTEMS LEVERAGING MULTIMEDIA CONTENT

In this main section of the survey, an overview of research on RS using multimedia content is
provided. The goal of our work is to highlight the advances in both recommender systems and
multimedia, bridging the two corresponding communities. Thereby, our objective is to show various domains and tasks in which audio, image, and video processing have been useful successfully
ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.
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for recommendation tasks. We therefore organize the section according to the three most common media types used in addition to text: audio, image, and video. For each media type, we further
classify RS based on the family of recommended items:
• Audio-based recommendation (Section 2.1, Table 1)
— Sound recommendation
— Music recommendation
• Image-based recommendation (Section 2.2)
— Image recommendation (Table 2)
— Product recommendation based on image-related attributes (Table 3)
• Video-based recommendation (Section 2.3, Table 4)
— Movie recommendation
— User-generated video recommendation
To further structure our review, we use typewriter font to highlight major tasks addressed
in the discussed research works and italics to point to important aspects in the paper (e.g., methods,
components thereof, and other noteworthy aspects).
2.1

Audio Recommendation

Recommender systems whose target items are given by pieces of audio content can be categorized
according to the type of recommended item into speech recommenders (e.g., newscasts or podcasts), sound recommenders (e.g., sound effects for movies), and music recommenders (e.g.,
songs or artists). We survey recent work on speech recommendation in Section 2.1.1, on sound
recommendation in Section 2.1.2, and on music recommendation in Section 2.1.3; the latter is, by
far, the largest research topic in the area of audio recommendation.
2.1.1 Speech Recommendation. Unfortunately, existing approaches tailored to content-based
speech recommendation (podcasts or newscasts) are not yet mature enough or available in a
considerable number. For these reasons, we refrain from providing a detailed review of the few
and specific approaches, such as those presented in Xing et al. [2016] for Chinese podcast
recommendation based on textual information associated with the audio items, or Yang et al.
[2018], which focuses on the evaluation of conversational interfaces for podcast recommendation.
2.1.2 Sound Recommendation. The topic of sound RS has not been addressed in the literature
as prominently as, for instance, music RS. Nevertheless, systems that are capable of recommending
sounds (e.g., for movies or producing electronic music) have their niche in RS research.
In Ostuni et al. [2015], the authors propose a sound recommender system that leverages
user-generated tags and sound descriptions—which they enrich by entity extraction—that are later
linked to external knowledge bases (KB) such as WordNet5 and DBpedia.6 The enriched data are
then combined using a domain-specific tagging ontology represented by a knowledge graph (KG).
Preliminary validation of the proposed system using Freesound7 as a case study shows that such
KBs can improve sound recommendation accuracy over several state-of-the-art CF baselines (such
as BPR and SLIM).
In Oramas et al. [2016], the authors present a hybrid approach for recommending sounds
to music producers by integrating knowledge graphs (KG) with information extracted from
5 https://wordnet.princeton.edu.
6 https://wiki.dbpedia.org.
7 Freesound

(https://www.freesound.org) is a collaborative sound repository where users can share recorded sounds.
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documents describing audio items. While the authors do not mention the exact acoustic features
used, they seem to cover the majority of descriptors available in Essentia.8 The proposed approach
consists of two steps: (1) item data enrichment and linkage to KG and (2) building of a graphbased recommender system on top of the KG. In the former step, the authors’ approach relies on
entity linking, which is performed by extracting semantic entities from item textual description
and linking them to WordNet and DBpedia for gathering additional knowledge. Information extracted from these complementary resources is represented with a new KG. This graph is later
merged with collaborative, implicit feedback to provide recommendations. The authors also propose several graph-embedding techniques to represent a KG as a (linear) feature combination.
They validate their proposed solutions for two different use cases: (1) song and artist recommendation targeted to music consumers and (2) sound recommendation targeted to music producers.
This research demonstrates that KBs such as DBpedia or WordNet help in building recommender
systems for both music producers and consumers. Furthermore, entity linking on KG allows to
boost recommendation performance in terms of novelty and diversity.
To save time and effort in accessing sound repositories, in Smith et al. [2019] the authors
present a hybrid recommender for music producers, which combines CF and acoustic CBF to suggest sounds for users of the EarSketch sound browser.9 EarSketch introduces a novel strategy for
teaching computer science ideas through algorithmic composition of music. Learners can write
up Python or JavaScript codes to control sound examples while understanding fundamental programming ideas, such as loops, lists, conditions, and functions [Mahadevan et al. 2015; Smith et al.
2019]. A shortcoming of EarSketch is that the majority of scripts written by users exploit only
a small portion of the sound library. By integrating the proposed sound recommender in EarSketch, the system’s basic search and filtering functionality is extended to recommend from the
sound library’s relevant sounds, thereby fostering novel, diverse, and serendipitous encounters.
The system uses as input one or more sounds of a work-in-progress script. A recommendation
score is computed for each candidate sound. An item-based CF component is used to add relevance to the generated recommendations, while the audio-based CBF components are utilized to
increase the novelty of recommendations. The authors indicate the proposed sound recommender
can inspire users’ musical creativity and stimulate personal experience by exploring new sound
libraries.
2.1.3 Music Recommendation. The majority of research on this topic assumes a passive user,
i.e., the user is not required to activate the RS, via a query, rather recommendations are generated
automatically. In contrast, some systems aim at recommending music for specific scenarios; for
example, to serve as background music for a user-generated video or slideshow. Others aim at
recommending coherent sequences of songs, i.e., playlists. Hence, we structure the following review into three categories: query-free music recommendation (the standard recommendation
scenario), music recommendation to enrich other media types (taking an additional query
as input), and automatic playlist generation (sequence-aware recommendation).
Query-free music recommendation: Content-based music recommendation in its classical flavor,
i.e., recommending items/songs to a user based on user’s interest on item on descriptions, has been
researched since the mid 2000s. In the following, we focus on most recent state-of-the-art research,
but we start with a discussion of noteworthy early works.
In Yoshii et al. [2007, 2008], the authors propose a recommendation strategy to solve the
accuracy-diversity trade-off between recommended musical pieces. Variety of artists of the
8 https://essentia.upf.edu/documentation/streaming_extractor_music.html.
9 http://earsketch.gatech.edu.
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recommended music is used as the measure to compute the diversity of recommendation lists. The
solution proposed by the authors is a hybrid CF + CBF recommender system based on a probabilistic generative model, which contains the probability distribution over users, items, and features.
It treats them as three separate conditionally independent probabilities. This model introduces
a set of latent factors and weights associated with them. The content-based audio features used
are MFCCs. The CF approach is based on a rating matrix using a three-point rating scale: disappreciation (0), neutral (1), and appreciation (2).
In Shao et al. [2009], the authors propose a recommendation strategy to solve the
accuracy-novelty trade-off in recommending music items. They use variety of artists in music
recommendation lists to define novelty. The authors argue that common similarity metrics used
in music recommender systems do not capture the differences between the evolving and dynamic
nature of music properties from (a) one type of music piece to another type or (b) a user with particular music preferences to another user. For instance, intensity is an important characteristic in
measuring the similarity with rock music, while it is not so important with classical music [Shao
et al. 2009]. Therefore, dynamic weights are specified to acoustic features based on genre. Also, the
perception of the same pieces of music is often dissimilar for different users [Schedl et al. 2013].
Hence, it is also necessary to assign dynamic weights to audio features for different users to capture these subjective differences. The authors propose a metric learning approach to learn the best
similarities according to the correlations between audio features and user consumption patterns
with music items. The paper uses hypergraphs to merge consumption and content similarity data.
In Bu et al. [2010], the authors address the problem of music recommendation in music
communities by exploiting heterogeneous information (social network information and acoustic
properties of music). In typical online social communities related to music, such as Last.fm, each
user can make friends with other users, listen to their favorite music tracks, team up to make
playlists, join specific groups, and use keywords to bookmark music tracks, albums, and artists.
The resources (music tracks, albums, and artists) can have relations with each other, e.g., a music
track can be part of an album or a playlist. The approach proposed is named music recommendation on hypergraph (MRH), and its goal is to learn a unified hypergraph that can be used to both
model multi-type entities and their relations in music social networks. A hypergraph is a generalization of an ordinary graph in which different relationships (e.g., music, tag, and users) are
modeled via hyperedges, which are capable of capturing high-order relationships. The authors empirically explore the contributions of different types of social network information classified into
four main dimensions: (1) social relations (i.e., friendship relations and group membership relations), (2) actions on resources (e.g., listening and tagging), (3) inclusion relations among resources
(i.e., relations based on tracks and albums), and (4) acoustic-based music similarity relations for
recommendation and show that MRH is helpful for practical music RS.
In Andjelkovic et al. [2019], the authors present a hybrid approach to mood-aware music
artist recommendation that integrates artists’ and users’ mood as well as audio features.
They propose a two-stage-recommender. First, candidate artists based on the target user’s selfreported mood are identified, the latter being matched to expert-provided mood tags of artists,
extracted from Rovi.10 The resulting list of candidates is subsequently refined by a CBF component that leverages artist similarity based on audio content of the artists’ most popular songs. This
CBF layer performs reranking of candidate artists according to timbre, tempo, loudness, and key
information.
In recent years, deep neural networks (DNNs) have been increasingly adopted for music recommendation, in particular in content-based systems to learn latent song or artist representations
10 http://developer.rovicorp.com.

ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.

Recommender Systems Leveraging Multimedia Content

106:11

from the audio signal or from textual metadata (e.g., user-generated tags or artist biographies).
Subsequently, these representations are commonly used in standard nearest neighbor CBF systems or as side information in CF-based approaches.
As one of the earliest works to adopt DNN for music recommendation, van den Oord et al. use a
convolutional neural network (CNN) to represent each music item by 50 latent factors in the latent
user-item space, learned from log-compressed Mel spectrograms of music audio [van den Oord
et al. 2013]. They use the resulting latent factor representation of items together with latent user
factors in a standard CF fashion and compare results to a weighted matrix factorization (WMF). The
authors investigate two objective functions: mean squared error (MSE) and weighted prediction
error (WPE). They found on a subset of the Million Song Dataset [Bertin-Mahieux et al. 2011]
that CNNs substantially outperform linear regression trained on bag-of-audio-words created from
MFCCs. Furthermore, using MSE as objective function outperforms WPE.
In Liang et al. [2015] the authors propose a hybrid architecture that uses probabilistic matrix
factorization using audio content features as a prior to a probabilistic MF model, which is different
from van den Oord et al. [2013], which uses content audio features to learn the mapping from
audio features to user-item latent factors. They train a multi-layer perceptron (MLP) on vectorquantized MFCCs to predict user-generated tags (i.e., they define an auto-tagging task). The trained
MLP is therefore assumed to capture semantics reflected in collaborative tags. The output of the
last hidden layer is used as a latent content representation of songs, and the corresponding feature
vector is used as prior to a Poisson MF. Evaluation experiments are conducted on a subset of
the Million Song Dataset, both in WS and CS scenarios. In WS, the proposed approach performs
equal to directly using the vector-quantized MFCCs. For a CS scenario, the proposed approach
substantially outperforms the sole use of MFCCs.
A similar approach is followed by Wang and Wang [2014], who use a deep belief network (DBN).
The authors extract spectrograms from the audio files under consideration, then apply principal
components analysis (PCA), reducing feature vector dimensionality to 100, and finally feed the
resulting feature vectors into a DBN. This allows the system to learn latent item representations,
which are used as latent song factors in PMF. The key contribution of this work is to unify the
two stages of feature extraction and recommendation in an automated process, using a model
based on a DBN and a probabilistic graph-based model. Evaluation is carried out on a subset of
the Million Song Dataset, which the authors enrich by song previews. Both CS and WS scenarios
are considered and results are similar to those achieved in van den Oord et al. [2013].
In Oramas et al. [2017] the authors propose an approach that integrates latent song and artist
representations to create individual representations of music tracks and artists and fuse both into a
CBF system. The representations of songs are computed by feeding vector-quantized spectrograms
into a CNN. Artist representations are learned using an MLP, which is fed with TF-IDF vector
representations of artist biographies that had been enriched with information from DBpedia.11
The resulting track and artist embeddings are then fused in a late fusion step, investigating two
approaches: (1) concatenating the normalized embedding vectors and (2) using an MLP in which
artist and track embeddings are connected to two different dense layers and fused to the output
layer. The authors evaluate their approach for artist and for song recommendation on a subset
of the Million Song Dataset. Results show that jointly considering the music recommendation
problem at the song and the artist levels helps improve the quality of recommendations.
Music recommendation to enrich other media types: Aiming to make user-generated
videos more attractive, the authors of Shah et al. [2014] propose a music recommender system
11 https://www.dbpedia.org.
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Table 1. Classification of Audio Recommender Systems According to Target Categories Sounds and Music

√
√
CA = * refers to multimedia contextual factors; deep = * refers to E2E; cf. Section 1.1.

that enriches user-generated videos (UGV) with a soundtrack that matches both video scenes and
users’ preferences. As a motivating example, the authors state that outdoor UGVs are often not
appealing because of background noise. The proposed system leverages location, online listening
histories, and past user activities and correlate them with the user’s mood. Specifically, the moods
of UGVs are predicted first based on the late fusion of geographical and visual features (color histogram) by relying on an approach named SVM-based probabilistic inference machine. Four mood
classes are identified based on their level of stress and energy (low or high). Once the association
between UGVs and scene moods is established, a list of songs is chosen as candidates for recommendation based on the predicted scene mood of the UGV. For this step, in an offline phase, the
system fuses the visual and video features (MFCCs, Mel magnitude spectrum, and pitch) to evaluate
the automatic selection of a matching soundtrack based on experience of professionals who create
soundtracks for Hollywood movies. The user’s listening history is used to further personalize the
recommendation. The final result is an automatically generated music video that can enhance the
user’s experience because it contains music that matches scenes and locations.
Kaminskas et al. propose a context-sensitive music recommender for location-aware music
recommendation, where locations correspond to points-of-interest (POI) [Kaminskas et al. 2013].
Locations are described by audiovisual material (images and descriptive text from Wikipedia),
which constitute the media type to enrich in this case. The proposed hybrid approach integrates a
knowledge-based component exploiting the DBpedia knowledge graph and an audio content-based
approach to music auto-tagging. More precisely, given a POI as input, the knowledge-based recommendation engine estimates connection strengths between the target POI and the music pieces
under consideration according to the nodes and edges in the DBpedia KG. The auto-tagging engine
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uses block-level features (BLF) [Seyerlehner et al. 2010] that capture spectral, timbral, rhythmic, and
tonal music characteristics to predict semantic labels (24 emotion words) for all music pieces in
the collection. The matching between POIs and music items is then performed by computing the
Jaccard index between the predicted emotion terms and human-generated annotations of the POIs
using the same vocabulary. Both approaches (KB and auto-tagging) produce a score for all music
items given a target POI. Results of the two recommendation engines are then fused by applying
Borda rank aggregation. Evaluation shows that the combined approach outperforms its constituting components as well as a simple personalized baseline that recommends music of the user’s
preferred genre.
Automatic playlist generation: Another research direction in music recommender systems is
automatic playlist continuation (APC). APC systems leverage sequential information reflected in
users’ listening sessions or playlists and use models created from this information to continue a
given playlist. For more details on APC, please consider Bonnin and Jannach [2014], Quadrana
et al. [2018], Zamani et al. [2018].
Exploiting item sequences in playlists can be achieved using Markov chains, as done in Chen et al.
[2012], McFee and Lanckriet [2011]. While Chen et al.’s work does not use audio content features,
McFee et al.’s work represents songs by timbre, loudness, tempo, and key descriptors extracted
from audio, by tags, and by estimates of familiarity [McFee and Lanckriet 2011]. This information
is used to train several Markov chains that model the transitions between songs in a collection
of user-generated input playlists. The Markov chains are then used to generate recommendations
for songs so they fit a certain playlist. The log-likelihood of the model for producing the actual
playlists, as given in the ground truth, is used to measure performance.
Lately, deep learning is also used in APC. Many research works use recurrent neural networks
(RNN) for sequence modeling in this case, however, not in combination with audio content features. Other variants of deep neural networks are used, for instance, by Vall et al. [2019], who propose profile-based and membership-based APC. The profile-based approach uses a neural network
classifier, which categorizes each track with respect to its fit into a given playlist. The resulting
candidate songs are then ranked according to their probability of matching the input playlist. The
DNN-based classifier is capable of learning from any feature vector representation of tracks, and
in turn derives the latent features. Among other variants of features, the authors consider the same
CNN representation as used in van den Oord et al. [2013] as well as text embeddings created by
word2vec [Mikolov et al. 2013b] from Last.fm collaborative tags. In addition to individual songs,
the membership-based approach also describes playlists as feature vectors (of the included songs).
In this approach, latent factors are derived not only for each song representation but also for the
playlist features; the latter by averaging the DNN’s latent song representations over all songs in a
given playlist. As a result, songs and playlists are mapped to the same latent feature space, which
enables computing the fit between a candidate song to add to a given playlist and the playlist itself
by directly applying some distance metric.
Several recent approaches to APC use complex variants of attentive neural networks, e.g., Lin
et al. [2018], Sachdeva et al. [2018]. Since they do not use audio content features, we refrain from
discussing them here. For a detailed discussion of those, consider Schedl [2019].
2.2

Image-based Recommendation

In this section, we discuss approaches for image-based recommendation utilizing the categorization, whether visual content is used to recommend media products, e.g., images or paintings (Section 2.2.1), or non-media products that have an associated image, e.g., recommending clothing
products based on the visual content of the product images (Section 2.2.2).
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2.2.1 Image Recommendation. This section reviews literature that uses visual content extracted
from images to recommend an image product. We classify this section based on the image type
recommended according to: generic photo recommendation, painting recommendation,
and miscellaneous-image recommendation (e.g., recommending dance background images and
view recommendation while photographing).
Generic photos: Offering users support in finding a desired photograph from a collection shared
or created by professionals or within a user community is an important task in a variety of domains
and applications.
In Boutemedjet and Ziou [2006] the authors propose a hybrid filtering approach for image recommendation, which combines a model-based CF and CBF to address the overspecialization
problem (attributed to CBF when the user is subject to recommendations that are highly similar
to the consumed items by her) and the new item problem (attributed to CF for being unable to
make recommendations when new items are added to the catalog that lack interactions/feedbacks
hindering performance of CF). Hybridization can help to overcome the limitations in each individual model. The proposed system first represents images by RGB color histograms and classifies
them into six classes using topic modelling based on the Dirichlet mixture model [Neal 2000]. A
generative graphical model is used for CF using image content as side information, in which a
probabilistic latent variable model combines users’ preferences and items’ classes into a unified
framework. The authors propose to base the final image recommendation on a score computed
from both predicted ratings and diversity of the recommendation list where diversity is computed
according to differences in classes of visual documents.
Extending the previous work, in Boutemedjet and Ziou [2008] the authors propose an image recommendation model that improves their previous system by leveraging context and metadata. The
proposed system is a CA image recommendation system that considers all the aforementioned
factors in a unified recommendation model. In particular, a generative CF model is proposed that
uses metadata and low-level visual information together with contextual information in which
the role of visual content is to increase the diversity and novelty of recommended items. To provide recommendations, a utility is computed on the basis of the relevance of visual document to
the target user in a given context expressed as a conditional probability. Results of a pilot study
confirm the merits of the proposed system. In Boutemedjet et al. [2008], the authors demonstrate
the significance of feature selection for image suggestion, in particular for rating prediction of
high-dimensional image data.
Web query recommendation can be an important component for a user-oriented search engine.
In recent years, recommending queries to search for trending images has emerged as an application
of query recommendation [Westman and Oittinen 2006].
Trending image recommendation is composed of two phases: trending event detection and trending image selection [Yu et al. 2015]. However, most existing approaches are not tailored to the
user’s interests. To address this gap, Wu et al. [2014] propose a learning framework to provide
personalized trending image recommendation according to users’ preferences. The proposed
system learns the user’s interest from neighboring users (users with common searches) and then
uses an MF model named trending-aware weight regularized matrix factorization (TA-WRMF) for
the recommendation task. The system further incorporates trending-aware visual features including freshness and aesthetic quality of images. The evaluation is carried out on a large dataset of
commercial search log (containing 21M users and 41M queries) and shows 50% gain in terms of
query prediction accuracy with respect to baselines (CF-based and frequency-based baseline). The
results largely support the usefulness of both personalization and trending-aware visual features
for the problem of trending image query recommendation.
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Further, given that media items are described by multiple modalities/features, an open research
challenge is how to construct recommendation models for multimedia data in SM by merging
the information obtained from different sources (e.g., textual and visual modalities) along with
social interactions of users. To address this challenge, in Cui et al. [2010], the authors propose
an approach for fusing features of visual documents and capturing correlations between features
by introducing an effective feature representation structure named feature interaction graph (FIG).
The proposed FIG is a two-level tree, where the root represents the target item (e.g., the image of an
animal) and all the features are characterized by the leaf nodes. An edge exists between two nodes
if there exists a correlation between them. Examples of item features include textual features (e.g.,
tags, titles, and comments), visual features (e.g., color, texture, and edge), and user features (e.g.,
the uploader of an image, the users tagging the image, or the users sharing it). The proposed FIG
captures two types of correlations between features: the intra-type characterizing the correlation
between features of the same type (edges between textual nodes, visual nodes, and user nodes) and
the inter-type correlation characterizing the relation between heterogeneous features. The authors
show the effectiveness of the proposed image RS by validating it on a real-life dataset from Flickr.
Motivated by the fact that conventional recommendation models, e.g., CF and CBF, face challenges such as extreme sparsity in image-sharing communities, in Niu et al. [2018], the authors
propose an image recommendation system for SM environments. The proposed system is
named neural personalized ranking (NPR), which extends BPR—a state-of-the-art rank optimization model for RS—by integrating it into layers of an NN and adding a nonlinearity layer to it.
The authors further propose an extension of NPR named contextual NPR (C-NPR) to integrate
multiple categories of side information to overcome the sparsity issue. This side information includes: (1) geographical features, (2) topical features (information such as tags, title, and description of each image), and (3) visual features (obtained from CNN). Validation of the system on the
Flickr YFCC100M dataset12 shows the effectiveness of NPR, more specifically the contextual CNPR model in comparison with several baselines including the BPR recommendation method.
It has been argued in some research works that recently—as a response to the users’ emerging
engagement in pure interest-based social services—the nature of social media has been shifted
from user-centric social networks (SN), which are characterized by friendship or by following relationships, e.g., Facebook and Twitter, to content-centric social curation networks (SCN) such as
Pinterest13 and Delicious.14 Users of SCN can explore and integrate interesting multimedia content into their “stories” for the purpose of creating and sharing experiences with other people and
increasing consumption. SCN are characterized by the extreme sparsity of the user-image links
and extreme diversity of the visual content. Due to these challenges, traditional RS may not be
suitable for recommendation in SCN. In Geng et al. [2015] the authors propose a learning framework for learning user and image features in SCN. The proposed graph-based method
exploits the connection between users and images and fine-tunes a CNN model to transform the
heterogeneous representation of users and images into a homogeneous low-dimensional representation, thus effectively enabling CBF recommendation of images. For image representation, the
system leverages ImageNet and AlexNet models [Krizhevsky et al. 2012]. The system is validated
in extensive experiments on a large image dataset obtained from Pinterest with 1.4M images and
1M users.
A very recent research direction is personality-aware recommender systems, which consider the
user’s personality in the recommendation process [Schedl et al. 2018; Tkalcic and Chen 2015].
12 cf.

https://cacm.acm.org/magazines/2016/2/197425-yfcc100m/fulltext.

13 https://www.pinterest.com.
14 https://del.icio.us.
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Personality is often modeled using the five factor model (FFM), which is based on the five personality traits of openness, conscientiousness, extraversion, agreeableness, and neuroticism (OCEAN)
[John et al. 1991]. To build personality-aware RS, it is required to have access to information about
users’ personality traits. This information can be acquired through questionnaires, e.g., ten item
personality instrument (TIPI) [Gosling et al. 2003] or big five inventory (BFI-44) [John and Srivastava 1999]. Alternatively, personality traits can be automatically inferred through supervised
learning techniques, i.e., classification and regression, from user-generated data and individual
cues [Azucar et al. 2018]. Such cues include choice of words in language, intonation of voice while
speaking, and type of people one befriends or is in a relationship with [Guntuku et al. 2015a]. With
images becoming a common medium for communication and expression, there is a recent trend
to exploit users’ favorite images shared on social media platforms [Ferwerda and Tkalcic 2018;
Skowron et al. 2016] or even profile pictures [Celli et al. 2014] to recognize their personality. For
a deeper discussion of personality recognition consider Azucar et al. [2018].
In Guntuku et al. [2015b] the authors study the influence of users’ personality on
their preferred images. They first extract a large list of features from a collection of user-liked
images from Flickr (tagged as “favorite”). They propose to extend the traditional approach that
identifies direct associations between the features extracted from an image and personality traits
(features-to-personality) to a two-step approach in which the image features are first mapped to
the answers of a personality questionnaire (BFI-10) and these answers are subsequently mapped to
personality dimensions (features-to-answers plus answers-to-personality). The authors use a wide
list of low-level visual features and consider adding features such as gender identification and
scene recognition that might provide a better representation of the users’ preferences [Cucurull
et al. 2018]. The proposed personality-aware system is tested in an image recommendation system
that offers users suggestions, which match their preference and personality profile. Results of the
experimental evaluation show that using informative visual features and better personality modeling, it is possible to improve the personality estimation of users, which has a positive impact on
the ultimate recommendation quality by the system.
Paintings: A number of research works have been carried out by Albanese et al. [Albanese et al.
2013] in the context of multimedia recommendation in on-line museums, where users can look to
digital reproductions of paintings.
In Albanese et al. [2010, 2013] the authors propose a recommender system, which uses as input
the observed painting and generates a list of recommended paintings as output. The recommendation model combines consumption patterns with low-level visual features (color, texture, and shape)
and image metadata (painter, genre, subject, title) with the objective to distinguish users with comparative browsing behavior. The objective of their work is to define a collective user profile and a
semantic representation of the items’ content by modeling the recommendation as a social choice
problem. The authors evaluate the system for recommending paintings in a virtual museum scenario (based on the Picasa dataset from the Uffizi gallery), and for recommending movies in a large
dataset of movies. Experimental validation based on effectiveness and usability encourages further
research in this direction.
In Bartolini et al. [2013] a recommender system is presented to provide context-aware
multimedia recommendations in the domain of cultural heritage. Here, whenever a user
is in the vicinity of a POI, the system provides personalized multimedia recommendation related
to visiting paths for a given environment. The system uses heterogeneous multimedia features (lowlevel features, semantic metadata) and contextual information, and provides CA recommendations
to give users access to multimedia services. A specific application of the proposed system was
mentioned to be in the cultural heritage domain related to an outdoor scenario with a mobile user.
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Table 2. Classification of Image-based Recommender Systems According to Target Type Image

Note that the target product itself in all the reviewed research works in this table is an image. (CA =
√
multimedia contextual factors; deep = * refers to E2E; cf. Section 1.1.)

√
* refers to

Miscellaneous: In addition to the domains discussed above, there exist interesting niche domains
in which image RS are used in a more general sense. We discuss a few in the following.
In Bourke et al. [2011] the authors propose a novel recommendation system for mobile
photography with the aim to provide photography assistance to the user as she prepares to take
photos. In particular, the authors build an Android app able to provide users with recommendations for well-framed photographs (by giving advice on position and framing), considering user’s
current context such as location, direction, and lighting conditions. The authors call the proposed
system social camera. When the user points the camera on a scene, the social camera app provides
a list of contextual features about the current scene not only limited to the current time and GPS
coordinates but also compass direction, lighting conditions, as well as the current camera settings.
The proposed system then provides users with recommendations of well-framed photographs.
Over time, these suggestions help the user improve her photographic competence.
In a similar research line, [Rawat and Kankanhalli 2017] present a system for viewpoint
recommendation with the goal to aid users in shooting high-quality photos nearby famous touristic locations. The proposed system is called ClickSmart and can provide real-time viewpoint suggestion to the user based on the camera preview, time, weather, and location. It leverages geo-tagged
images and social media to learn the photo-taking behavior of other users. Quality of pictures is
defined in terms of visual features such as RGB color histograms, HOG, and SURF features.
In Nguyen et al. [2016], the authors propose a photo RS for supporting reminiscence for
photo sharing on SM platforms. Recommending photos from the past, similar to photos being shared in the present, will likely recall interesting and valuable memories. This phenomenon
can be leveraged to enhance the user experience with the system. The proposed system is named
NowAndThen and uses a variety of information sources such as visual features (based on Hessianaffine detector and SIFT descriptor) and relations between users and tags (people, locations, hashtags) to suggest photos most similar to user’s current photos of interest, but potentially raising a
more satisfying reminiscence.
ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.

106:18

Y. Deldjoo et al.

In Wen et al. [2018], the authors propose an artistic work, a system for recommendation of
visual backgrounds for dance performances that can help artists/dancers with the selection
of images matching their dance style. The proposed system works by using deep matrix factorization (DMF) to combine the dancer’s actions on SM with the visual content of the dance images
shared by the dancer. The system extracts visual features from the dance-related images that the
dancer shares on Pinterest. Then, it learns a user model based on the visual content of shared
images to generate background visual recommendations.
2.2.2 Product Recommendation with Image-related Attributes. In our daily shopping experience,
we make decisions that take into account how much the target products look visually appealing
to us. Consider, as an example, the clothing domain. Most conventional RS are not (easily) usable
for clothing products because clothing purchase has some special characteristics, that is people do
not go with the crowd blindly when buying clothes nor do they buy the same clothing item twice
[Sha et al. 2016]. Moreover, the aesthetic and visual characteristics of clothing are not necessarily
reflected in commodity tags used in tag-based CBF systems. In the following, we report on RS that
leverage the visual content associated with products for producing their recommendations.
Fashion: Humans naturally build up a sense of relationships between products that take into
account their appearance [Prato et al. 2020]. Two types of relationships play a key role in our
decision-making process: (1) similarity (or alternativeness), e.g., “Which pair of jeans matches these
pair of jeans that I have liked?” and (2) complementariness, e.g., “Which shirt matches these jeans?”
To address both types of relationship, the authors of McAuley et al. [2015] propose a recommendation system that can recommend how to match clothes with accessories by exploiting the
visual content extracted from images of these products. Their goal is to develop a visual and
relational fashion recommender that is able to model the human sense of relationship between objects by utilizing the visual appearance of products. The proposed system solves a network inference problem defined on graphs of related images. Furthermore, instead of relying on
hand-labeled images, the authors make use of freely available data collected from the Amazon
web-store, containing over 180M relationships between a pool of almost 6M objects. Interactions
identify pair of products that can be considered alternative and pair of products that can be considered complementary. The dataset, which the authors make publicly available, is categorized into
top-level categories (books, clothing, movies, music, etc.) and finer-level categories (men, women,
boys, girls, etc.). By incorporating the visual signals in the proposed system, the authors are able
to discover various types of relationships between items beyond simple visual similarity and as
such McAuley et al. [2015] can be seen as one of the first attempts to account for human preference
in the appearance of a given object.
In He and McAuley [2016b] the authors propose a factorization model that combines visual
features and users’ preferences and apply it for recommending clothing and accessories using
their associated images. The proposed method is named visual Bayesian personalized ranking
(VBPR) from implicit feedback.
Characteristics of clothing that are considered as “fashionable” change as time progresses.
For instance, the most fashionable women’s sneakers change during each year/epoch. In He
and McAuley [2016a] the authors extend VBPR to build a fashion recommender modelling
fashionability over time by modelling both the visual appearance of products and their evolution over time. The proposed method is named temporally evolving visual Bayesian pairwise
ranking (TVBPR) and exploits deep CNN features for modeling the visual dimension as well as
the associated temporal dynamics (via incorporating information such as sales, promotions, or the
emergence of new products). Integration of the non-visual temporal dynamic information into the
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model allows to disentangle visual from non-visual decision factors and improve explainability of
recommendations.
Product images of clothing provide a vast amount of information such as design, color schemes,
decorative pattern, fabric thickness, and even quality of the product. Therefore, incorporating these
cues in clothing RS can be a key to effective recommendation. Most research that acknowledges
the importance of the visual appearance of clothing products on consumers’ decisions either rely
on pretrained CNN features or on standard visual descriptors, such as SIFT or color histograms,
to represent images. CNN features, for instance, can be used to infer rich semantic information to
classify products. As such, they can be useful to encode information such as “There is a skirt in the
image.” However, they are not designed to respond to the directive: “Find a clothing that is beautiful and matches the consumer’s taste.” The missing element here is aesthetic understating of
images (see Datta et al. [2006] for a good introduction to the topic of aesthetic assessment of images). To bridge this gap, in Yu et al. [2018], the authors extract aesthetic information from images
and incorporate it into a recommendation model. Specifically, the proposed system integrates an
aesthetic network, i.e., a brain-inspired deep network (BDN) trained for image aesthetic assessment
[Wang et al. 2016]. The BDN is used to extract holistic features of clothing products, for which
it uses aesthetic ratings and photographic style labels for training. To acknowledge the varying
taste of consumers in different time periods (e.g., different seasons), the proposed model utilizes
a tensor factorization model for capturing diversity of aesthetic preference over time. Extensive
experiments are performed on two real-world datasets: (1) Amazon.com [He and McAuley 2016b]
containing clothing, shoes, and jewelry; (2) DPChallenge.com,15 known as aesthetic visual analysis
(AVA) dataset, which is the collection of images and meta-data introduced by Murray et al. [2012].
Results demonstrate the merits of the proposed aesthetic recommendation models with respect to
non-aesthetic state-of-the-art recommendation models.
Mining the interpersonal trust relationship from users’ social network can enable RS to
solve the new user problem and create a new approach to enhance the performance of RS. In Sun
et al. [2018], the authors propose a personalized clothing recommendation service that takes
into account both users’ social circle and fashion style consistency of clothing products. Fashion style
consistency refers to the fact that two clothing items (e.g., tops and skirts) can be visually different
but as long as they belong to the same style (e.g., sport, street, casual), the user may likely buy
them; hence, fashion style consistency is an important element for the design of clothing RS. To
this aim, motivated by previous research works [Qian et al. 2014], the authors of Sun et al. [2018]
consider three factors in their proposed clothing RS: interpersonal influence, personal interest, and
interpersonal interest similarity. In particular, five types of matrices are built by mining the social data available and other sources of information: S (representing user-user social influence),
W (representing user-user similarity of interests), Q (representing user-clothing similarity),
Y (representing clothing-clothing fashion style similarity), and R (representing user-clothing ratings). Afterwards, a probabilistic matrix factorization (PMF) framework is used to integrate the
above observed matrices and recommend suitable clothing products to users by casting the problem in an optimization setting. The main role of the proposed PMF is to describe both users and
clothing items in the same latent vector space, using the matrices Q, Y , R, S, and W . Evaluation is
carried out on real-world datasets collected from Moguije,16 a Chinese website for “social fashion”
that blends a social network with online shopping possibilities.
An observation related to visual appearance of products is that people can have different levels
of preference for different commercial items or parts thereof. In other words, different parts of
15 http://www.DPChallenge.com.
16 http://www.mogujie.com.
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products may not contribute equally (or uniformly) to a user’s preference when making a buying decision. To account for such inequality, in Chi et al. [2016] the authors propose a visual
part-based clothing recommendation, which is able to decompose a given commercial item
into a set of disjoint partitions where each partition characterizes a semantic component and learns
a part-based user model (based on different partitions of the image) to obtain a personalized recommendation model. For example, a watch can be decomposed into two disjoint components:
(1) the watch face and (2) the watch band. Each user can have different tastes regarding these two
components when buying a watch. Experiments using the proposed recommendation model exploiting part-based visual appearance of items on a dataset from Amazon.com—including images
of helmets, sports bottles, t-shirts, watches, and handbags—yielded improved results over existing
textual or other visual RS that disregard appealing differences between parts of products.
In a similar work in Gu et al. [2016], visual part-based image representation is leveraged
but to model the user herself. The proposed system accepts as input a frontal face photo and returns as output the best-fit eyeglasses. The proposed system does not rely on users’ historical data
but instead utilizes numerous facial attributes in an attempt to build the user profile directly from
these facial attributes. Examples of such attributes are: gender, race, eyebrow thickness, skin
color, fatness, hair color (17 fine-grained attributes), and additional ones that are learned through a
set of low-level visual features via SVM and Adaboost. These facial attributes provide rich information about people and act as the main influence factor in the context of eyeglasses recommendation.
Then, similar to facial attributes, seven frame attributes are defined, namely, type, shape, color, fit,
materials, thickness, and size. The proposed recommendation framework relies on a probabilistic
graphical model that leverages implicit matching rules between face and eyeglasses. Ranking of the
frames (glasses) is realized based on pairwise similarity between user profile (the facial attributes)
and the frames.
Other recently popular topics in the area of fashion RS include the use of graph-based learning
approaches to learn user preferences at item-level or outfit-level [Li et al. 2020]; applications using
attention mechanisms to estimate user preference, emphasizing on a fashion item in an outfit [Lin
et al. 2020]; and ultimately explainable fashion RS, e.g., by building a fine-grained semantic space
as presented in Hou et al. [2019].
In addition to clothing, multimedia recommender systems play a key role in recommending
make-up products. In Chung [2014], the authors propose a facial makeup style RS to recommend makeup to women (e.g., eye shadow, blusher, eyelash, lipstick) according to their visual
sensibility. The proposed system includes a user interface, sensibility analysis, weather forecast, and
CF to satisfy the target user’s needs in the cosmetic industry. In Alashkar et al. [2017a], a rule-based
facial makeup recommendation service is proposed that is able to provide makeup style recommendations based on occasions, trends, and the user’s facial features. The system is based on a KB
that correlates facial features with makeup styles. In Alashkar et al. [2017b], the authors integrate
domain knowledge represented as examples-rules with a deep neural network–based makeup recommendation model. To this end, the cost function of the deep neural network is modified to fit
both human-annotated and rule-annotated labels. Human facial traits are fed into the network,
which leverages the pairwise Before-After images and the makeup artist knowledge jointly. The
authors demonstrate the capacity of their system to recommend homogeneous makeup styles that
match human facial traits.
Food: A considerable portion of searches on the web are related to food or lead to food-related
websites. Providing people access to online recipes or making personalized food recommendations can assist people in selecting dishes that suit their palate and are healthier. Food RS are typically designed for one of the following purposes: (1) to model users’ food preferences and present
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individuals with meal recommendations and (2) to assist users in consuming healthier food [Trattner et al. 2018]. However, making recommendations that satisfy both food preferences and nutritional requirements is generally a challenging task [Yang et al. 2017]. Recent findings in the
psychology of human decision-making suggest that the visual nature of food choice (e.g., the uploaded images of recipes) has a high impact on users’ preferences and choices. In the following,
we review research works that consider visual signals for development of food RS.
In Elsweiler et al. [2017] the authors present a study with the goal to understand whether or
not users will select healthy foods suggested by a food recommender. The authors use a
multimodal recipe dataset composed of recipe names, images, ingredients, nutritional information,
and recipe popularity. The authors use the dataset to investigate how people perceive and select
recipes. Results indicate that it is possible to predict the preferred recipes of users with good performance if low-level image features and recipe meta-data are used as features. As an interesting
finding, the study further reveals that many of the recipe choices made by users are driven by the
visual effect of images.
Acquiring user feedback about food using traditional interfaces is difficult. To address this problem, in Yang et al. [2017] the authors propose a visual interface composed of images for
preference elicitation in the food domain. The proposed model is called FoodDist and can learn a
food image embedding using CNNs. It uses dietary profiles and multitask learning to personalize
meal recommendations. FoodDist uses Euclidean distance embeddings of food images, which are
shown to be capable of finding the most similar foods for a given food image. Interested
readers are referred to Herranz et al. [2018] for a review on how visual content and other information such as context and external knowledge can be integrated into food-oriented applications
such as recipe analysis and food recommendation.
Tourism: With the significant increase of smart phones and location-based social networks (LBSN)
such as Foursquare,17 Gowalla,18 and Brightkite,19 a large number of users can easily share their
experience with points of interests (POI) via the so-called “check-ins.” The availability of users’
check-in data has created new opportunities for designing assisting services that can facilitate
users’ travels and social interactions. One such service is POI recommendation service (a.k.a location recommendation), which aims to recommend new POIs to users according to their personal preferences to facilitate their exploration of new areas of a city and also helps advertisers to
provide location-based recommendations. The majority of related works on POI recommendation consider the following four factors as the ones effective for improving recommendation
quality: (1) geographical influence, i.e., users intuitively tend to visit nearby POIs; (2) social influence/correlations, i.e., the choices of friends may contribute to the decision-making; (3) temporal
patterns, i.e., users’ check-in preferences depend on the hour of the day; and (4) textual content
indications such as user-generated tags, sentiment, or POI properties. In modern LBSN, users can
post photos associated with their locations. Photos contain a rich source of information that reflect users’ interests. For instance, a user posting photos of monuments is likely to visit historical
locations or museums, while a user who posts images about water sports could be more interested
in visiting seaside locations. Therefore, images can improve the quality of POI recommendations.
This section focuses on application of visual content for RS in the tourism domain.
In Wang et al. [2017] the authors investigate the impact of visual content of the photos
shared by users in modelling their taste for POI recommendation. They propose a new recommendation framework named visual content enhanced POI recommendation (VPOI). VPOI uses CNNs
17 https://www.foursquare.com.
18 As

Gowalla was online until 2012, we provide the wiki page to it: https://en.wikipedia.org/wiki/Gowalla.

19 https://www.brightkite.com.
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Fig. 3. Examples of indoor scenes/food in an American restaurant (Figures (a) and (b)) and Japanese restaurants (Figures (c) and (d)), showing different styles of restaurants in terms of visual appearance in scene and
food. For example, American style restaurants are bright, colorful, and warm; while Japanese-style restaurants are neat, simple, and clean. Furthermore, American dishes use large amounts of food or lots of fries,
while Japanese food has a refined and elegant plate presentation. (Picture taken with permission from Chu
and Tsai [2017].)

pretrained on ImageNet to extract visual features from images and uses probabilistic matrix factorization (PMF) to model the interactions between visual content, users, and locations. Experimental
results on real-world datasets of images from New York City and Chicago shared on Instagram between October 2015 and February 2016 show the usefulness of the proposed system particularly
in coping with CS by incorporating images. The proposed CNN-based approach is also shown to
outperform the use of SIFT and HOG descriptors.
In Chu and Tsai [2017], the authors study the impact of food/location images in
restaurant recommendation. The contributions of this research work are: (1) to seamlessly and
finely integrate visual information into the restaurant recommendation framework and (2) to build
a hybrid recommendation system aided by visual information. For (1), the authors use photos in
blog articles in addition to textual information to model restaurant attributes and user preferences
(see Figure 3 for illustration). Images are classified into four categories (indoor, outdoor, food, and
drink) using a pretrained CNN and a SVM. In addition, colors are extracted from images in each
category. As for (2), hybrid recommendation models are built by enhancing MF and BPR-MF [Hu
et al. 2008] and leveraging the visual content. Experimental results on a dataset from a restaurantdedicated social platform in Taiwan20 show that the CNN outperforms baselines such as the one
based on textual features or on visual information using color names. In addition, pre-classification
of images improves recommendation quality.
A related research line that has attracted significant interest in tourism and advertisement industries is the problem of venue category recommendation. Its goal is to suggest appealing
localities within close proximity to users’ current location. To address this problem, in Farseev
et al. [2017] the authors propose a recommendation framework across different data sources (a.k.a
cross-domain recommendation), which exploits multiview SM data. To this end, Foursquare venues
are recommended to users with accounts also on Twitter and Instagram. By leveraging different
venue category preferences with location indicators, the system recommends a good-fitting venue
20 http://hungry.9ifriend.com/main.

ACM Computing Surveys, Vol. 53, No. 5, Article 106. Publication date: September 2020.

Recommender Systems Leveraging Multimedia Content

106:23

Table 3. Classification of Product Recommender Systems Leveraging Visual Content According
to the Product/domain

Note that the targets here can be anything from commercial products (e.g., clothing) to food or some form of information
√
√
given to the user (e.g., on points of interest). (CA = * refers to multimedia contextual factors; deep = * refers to E2E;
cf. Section 1.1.)

near the user’s current location, instead of better-fitting venues located far away from the user.
The proposed framework utilizes multi-source multi-view data such as user-generated content
extracted from texts and images, and via location processing techniques. Experimental validation
of the framework is carried out on a large multi-source multi-modal cross-region social dataset
named NUS-MS [Farseev et al. 2015] and shows the merits of the system over state-of-the-art
baselines.
Tag/Annotation: Tag recommendation is a process that facilitates the creation of free-form text
descriptors for music, pictures, and so forth, usually by selecting preferred keywords from a set of
candidates. Tags make it easier for users to search for and to organize multimedia contents. Two
types of tag recommendation systems can be distinguished: (1) generic tag recommender systems
(a.k.a automatic annotation systems) and (2) personalized tag recommendation systems.
In Lin et al. [2011], an automatic image annotation system is proposed that transforms the
task into a personal item recommendation problem by considering images as items and users as
tags. Then a rating prediction problem is solved via a standard TrustWalker model, which aims
to combine trust-based and item-based recommendation. In particular, the algorithm attempts to
search the trust set of the target user (i.e., users in the target user’s trust set) and return their
rating directly. If users have not rated the target item, the algorithm returns ratings of similar
items based on their visual similarity or further extends the search. For calculating visual distance
between images, six types of features for each image are extracted: color layout, Gabor filters,
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SIFT, scalable color, among others. Preliminary validation of the system is carried out on two
image datasets from the University of Washington21 and the MIRFlickr dataset [Huiskes and Lew
2008].
In Liu et al. [2014], the authors build a personalized tag recommender for photos shared
in SM, which unifies user preferences and geo-location to define the most relevant tags. The authors assume that different users and different geo-locations have different preferred tags associated with an image. To represent the visual content of photos, bag-of-visual-words using SIFT
descriptors are used. Given a user’s untagged photo and its geo-location, the model predicts both
user-preferred and geo-location-specific tags. Then, the visual appearance of the photo and the predicted tags are combined to discover related photos, whose most frequent tags are recommended.
Results show that learning user preference and geo-specific preference are important tasks for
accurate tag recommendation.
2.3 Video Recommendation
Video recordings are complex signals composed of different modalities, in particular, the audio
and visual modalities. The impression of a video by a user is impacted by numerous elements related not exclusively to its content yet additionally to the general video style, reflected in its sound
and visual content. For instance, the two movies Schindler’s List and Empire of the Sun are from
the same genre and director—both are emotional movies coordinated by Steven Spielberg and
portray historical events—but their styles vary substantially, the former shot documentary-like
in black-and-white and the latter making use of special effects and bright colors. These distinctive characteristics of multimedia meet users’ different information needs [Deldjoo et al. 2019;
Neumayer and Rauber 2007] (e.g., when watching a documentary) or entertainment needs [Schedl
et al. 2013] (e.g., when watching an action movie).
In this survey, we classify research on video recommendation into works that target movie
recommendation (Section 2.3.1) and works that target user-generated video recommendation (Section 2.3.2), where the latter is performed mostly in the context of social media.
2.3.1 Movie Recommendation. In the following, we review papers that recommend the user a
movie by accounting the audio-visual characteristics of the underlying content. One of the aspects
of almost all reviewed works is that they use a media derived from movies, such as trailers, movie
clips, or even posters or a few selective frames, for content analysis in a movie recommendation
system. The reasons are manifold: (1) feature extraction/content analysis from full-length movies
is computationally much more demanding than from short trailers; (2) for user studies, it is timeconsuming to ask a user to watch the full-length-movies; and (3) full movies are not (always) freely
accessible. These issues can be properly addressed by using a representative trailer version of the
movies as performed in the following works; however, whether features extracted from movie
trailers or posters are representative of full movies remains an open question that needs to be
studied in more depth.
The user interested in a movie X may like movie Y because they have similar posters and similar frame scenes. In Chen et al. [2018], the authors propose a movie recommendation system that
leverages visual content information in movie posters and selected movie frames to enhance recommendation quality. The proposed system is an E2E architecture (cf. Section 1.1), which unifies
the two problems of visual feature extraction (from a pre-trained CNN) and recommendation into
a unified optimization process, named unified visual contents matrix factorization (UVMF).
21 http://www.cs.washington.edu/research/imagedatabase.
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In Deldjoo et al. [2016b] the authors propose a CBF movie recommendation system that relies
on a set of stylistic visual features defined as shot length, color variation, lighting key,
and motion vectors to filter movies. For instance, comedy movies are usually made with a large
variety of bright colors while horror films use dark hues; this property can be captured by the
visual feature of color variance. Several improvements of the proposed movie RS were presented by
the authors in Deldjoo et al. [2018a, 2016a, 2018c], among others, experiments with a more diverse
set of visual features—with a much higher dimensionality—such as the ones based on MPEG-7,
pre-trained CNNs, and aesthetic visual features.
We would like to point to a recent thorough study [Du et al. 2020], in which the authors test
the impact of a comprehensive set of content features (audio, visual, and textual) to build a movie
RS. One key insight of their approach, named collaborative embedding regression model, is that
whenever one of the content features is not available, the model can combine arbitrary other
features with interaction data to provide effective recommendation. The model also uses a priorityaware late fusion method to boost the quality of movie recommendations.
In the following, we review a number of research works that actually validate the functionality
of their systems for recommendation in CS scenarios.
In Zhu et al. [2013], the authors propose a CBF movie recommendation framework named
VideoTopic, which breaks down the recommendation problem into topic-based item representation
and recommendation. In the first stage, the proposed method exploits visual and textual features
of movies and constructs a topic model based on LDA to represent item contents as well as the
user interests, where the latter is computed from the topics of users’ recently watched videos. For
the textual features, two types of movie metadata, actors and directors, are used claiming that
among other movie metadata (plot, actors, director, writer), the former contain richer information
[Gantner et al. 2010]. For the visual information, the system extracts SIFT visual features from
trailers. Visual features are extracted from three key frames of each trailer. In the second stage, the
recommendation is formulated as finding items with minimal topic distribution difference with
respect to users’ interests. The benefit of the proposed systems is that the interests of new users
are learned on the fly as they watch movies, while for the existing users, their current interest is
measured based on their old interest and the current movie being watched. The evaluation on the
MovieLens 1M dataset shows that for new-item problem, VideoTopic outperforms other methods
using unimodal textual or visual features with respect to accuracy metrics.
In Roy and Guntuku [2016], the authors present an emotion-based visual movie
recommender system named visual-CLiMF (Collaborative Less-is-More Filtering). Visual-CLiMF
extends the original CLiMF approach [Shi et al. 2012] and further combines visual factors with consumption information to learn a latent representation that relates to emotive factors. Experiments
on a video dataset made by the authors and named video emotion dataset (contains 323 movie/TV
series clips)22 and the Amazon products dataset containing product reviews and product metadata
(CNN-based image features) demonstrate that visual-CLiMF can outperform existing CF methods
or the ones without (CLiMF) content information.
Other works integrate psychological aspects when making recommendations, most commonly
personality traits or affective cues that are extracted from metadata about items, e.g., reviews or
comments. This seems highly reasonable, since such aspects are known to influence human preferences, e.g., for music [Ferwerda et al. 2017], movies [Golbeck and Norris 2013], or books [Rentfrow
et al. 2011]. While we are not aware of any work that joins personality information and movie content in a CBF, affect is considered, for instance, in Benini et al. [2011], Canini et al. [2013]. In Canini
et al. [2013] an affective framework is proposed for extracting audio-visual features (e.g., dominant
22 Dataset

will be made available by authors upon request.
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color, color energy, lighting key, sound energy, low-energy ratio, MFCCs) and movie grammar descriptors (e.g., illuminant color, shot length, and shot type transition rate) allowing movie scenes
to be compared based on their emotional difference, which are recommended eventually.23
The proposed model allows linking between video content features to users’ emotional preference.
Interested readers on affective multimedia system can refer to the survey Wang and Ji [2015] and
to Guntuku et al. [2016] for further information on impact of personality and culture background
on users’ affective response to multimedia content.
In Deldjoo et al. [2019], the authors describe a movie recommender system for the new item
cold-start problem. The system makes use of canonical correlation analysis to combine audio
and visual features together with movie metadata (genre and cast) into a unique representation
(the Movie Genome). The proposed system also exploits a hybrid recommendation model named
collaborative-filtering enriched CBF (CFeCBF) on its core, which is designed to train a CF model on
warm items and leverages it on the movie genome to recommend cold items. Results on a dataset
of trailers named MMTF-14K [Deldjoo et al. 2018b] indicate that multimodal recommendations
generated by the proposed CFeCBF model significantly outperforms pure CBF baseline using genre
or cast as item contents.
2.3.2 User-generated Video Recommendation. As one of the earliest approaches in video recommendation, Mei et al. [2007] and Yang et al. [2007] introduced VideoReach, an online video
recommender system that uses a multimodal relevance assessment of new videos with respect to a
selected video in addition to users’ click-through data to compute recommendations. The authors
use an attention fusion function (AFF) to combine the relevance scores from different modalities.
Furthermore, since various videos may have different importance weights related to the three
modalities, click-through data are exploited to automatically adjust weights for modalities and
videos. The most recent version of VideoReach can be seen in Mei et al. [2011], which moves the
previous versions forward by: (1) formulating the multimodal relevance as finding a suitable set
of pairs, constituted by a set of functions (e.g., L 1 distance and AFF) and corresponding weight;
(2) exploiting users’ watching behaviors (e.g., watching a specific video segment) to estimate the
corresponding feature weight; (3) performing visual concept detection to estimate the video category; and (4) evaluating effectiveness in comprehensive experiments. One of the key assumptions
of these works is that textual information has more importance compared with visual and audio
information; hence, videos with low textual relevance are filtered out by the AFF. VideoReach
leverages different types of user interaction patterns; for example, what is the next video the user
clicks, whether this user played, skipped, or browsed fast. Evaluations over a large dataset of online
videos from MSN24 show the usefulness of the proposed system as an alternative to CF models in
CS scenarios where user interactions are unavailable or insufficient. A similar multimodal framework is proposed in Luo et al. [2009] for news video recommendations.
With the advance of social networks (SN), the number of research works that have leveraged social data to improve the performance of video recommendation systems has been increasing. In Zhao
et al. [2012a], the authors propose a social video recommendation system that calculates a
score for each candidate video with respect to a reference video, where this score consists of two
components: (1) how much the user’s friends are interested in the video and (2) the similarity
between the user and friends. The friend-content utility is calculated based on textual, visual, and
popularity scores, which are linearly combined (the weights set empirically). As for the popularity,
different definitions are considered, based on “total views,” “favorites,” “rating,” and “comment
23 Some

of the features are described using mean and standard deviation of features over frames.

24 https://www.msn.com/en-us/video.
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count.” The friendship preference similarity utility between users is calculated by measuring the
distance between the commonality between tag sets of users (the tags of videos viewed by two
users). The final recommendation score combines the above by using a product aggregation function. The authors of Zhao et al. [2012b] present a similar work to Zhao et al. [2012a] but instead
replace friend similarity estimate with relationship strength estimate between the target user and
their friends in different domains using a graph-based approach.
The authors of Cui et al. [2014] propose regularized dual factor regression (REDAR), a matrix
factorization framework that leverages social attributes of users to make recommendations. The proposed system addresses the limitations of traditional latent factor models (i.e.,
latent factors are hardly interpretable and the model suffering CS settings for both new user and
item). It represents users by their usage of content attributes of videos (textual description and visual
information) and videos by users’ social attributes (demographic information and produced tags).
Thereby, both videos and users can be represented in a shared space in which latent factors are
influenced by social attributes and content attributes. The usefulness of the proposed system is
validated via extensive experiments in a real SN dataset named Tencent Weibo (a Twitter-style
social network platform in China); the results indicate that in a majority of cases the proposed
method outperforms existing baselines with relative improvement of 20% or more.
Cross-network user modeling, which focuses on aggregating users’ information from different platforms, can create recommendation opportunities not only for enriching the existing
recommendation quality by better understanding users’ interests but also to address existing RS
issues such as data sparsity and CS. The latter can be solved by integrating users’ behavioral patterns among OSN. For example, if one can identify new users on other well-established OSN sites,
we can transfer knowledge from the mature OSN to the new OSN platform, thereby alleviating
data sparsity or new user CS problem. In Deng et al. [2013], the authors propose a YouTube video
recommendation solution by incorporating user information from Google+. The proposed system is composed of two main steps: (1) profile enrichment, whose goal is to enrich user profiles
from the information coming from auxiliary platforms (Google+); and (2) collaborative relationship transfer, whose goal is to model users’ similarity in terms of their behavior. The considered
behavioral aspects include users’ active actions (e.g., “upload,” “favor,” or “adding to a playlist”)
on videos and content information associated with videos (e.g., tags, video categories, and visual
features represented via SIFT descriptors).
In Ma et al. [2018], the authors present LGA, a latent genre-aware micro-video
recommendation model based on SM information. Micro-videos have a duration between
6 and 300 seconds and are created by users of OSN. The peculiarity of a micro-video is to convey
in this extremely short time a self-contained and clear thought, image, or idea.25 LGA extracts
interaction features as well as auxiliary features describing context and visual content. These features are later fed into a deep-learning model used to learn both the latent genres of items and the
recommendation scores. To validate their approach, the authors created a real-world micro-video
dataset collected via the Twitter Streaming API. They show the merits of the system with regards
to both effectiveness and efficiency measures.
Some works leverage information about the users’ emotions to build an emotion-aware short
film recommendation. For example, the authors of Orellana-Rodriguez et al. [2015] consider user
comments of YouTube video clips that represent short films. From these comments, emotions are
extracted using a lexicon-based approach. The authors consider four contrasting pairs of emotions: joy–sadness, anger–fear, trust–disgust, and anticipation–surprise. The identified emotion
terms are weighted to create an emotion vector per video clip, which can be regarded as a content
25 https://www.techsmith.com/blog/introduction-to-microvideo.
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Table 4. Classification of Video Recommender Systems According to Target Type Video

√
√
CA = * refers to multimedia contextual factors; deep = * refers to E2E; cf. Section 1.1.

feature describing the item (clip). For recommendation, the authors employ a collaborative ranking
approach realized by learning-to-rank using LambdaMART. The authors evaluate the similarity of
the emotional context automatically associated with a short film with those explicitly annotated by
humans on a dataset collected from two popular short film festivals available on YouTube. Results
indicate similarities between two different emotional context approaches (automatic vs. manual);
however, the automatic approach is capable of predicting an affective context for emotion-aware
personalized ranking.
3

SUMMARY AND FUTURE DIRECTIONS

Leveraging multimedia content in recommender systems is a highly relevant problem in practice
and it is not limited to domains in which recommended items are media items: multimedia content
has been widely used in the past five years to recommend non-media products, mostly in the
context of e-commerce or fashion domains.
In this survey, we reviewed and categorized the RS able to leverage multimedia content developed over the past 15 years. In particular, in this literature review, we have introduced a taxonomy
of multimedia recommender systems that categorizes them according to the main domains and
tasks in which RS benefit from multimedia content analysis. Instead of focusing on one particular
media type (e.g., images), this work is the first comprehensive survey that organizes, analyzes,
and comments on the recent literature according to the most common media types targeted in
RS research: audio, visual (i.e., images), and video. Furthermore, we categorized the reviewed research works from the the perspective of the core recommendation technique, usage of different
modalities, content-based features, and types of metadata, among others.
3.1 Lessons Learned
Among different lessons learned by this literature review, we highlight a few prominent ones
below:
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Feature extraction. RS leveraging multimedia content are still dominated by handcrafted approaches, where (1) features relevant to the recommendation task are identified by domain experts
and (2) the recommender algorithm is based on rule-based approaches. Overall, less than one-third
of the reviewed works use deep learning features. Even though higher human effort is required
to design a recommender system with handcrafted features, the advantage over deep learning
approaches is that recommendations generated with handcrafted features or ad hoc algorithms
are easier to explain and, as such, increase trust in the system [Pu and Chen 2007]. Moreover, indications exist in other application areas that the progress of deep learning models over ad hoc
handcrafted approaches is not always as substantial as expected [Dacrema et al. 2019; Lin 2019].
The main scenario in which the usage of deep learning features and algorithms is predominant is
that of product recommendations leveraging visual content, a scenario that greatly overlaps with that
of traditional e-commerce recommender systems. The predominance of deep learning approaches
in this scenario is partially motivated by the abundance of information produced by users on items,
in the form of interaction logs. Deep neural networks are flexible in learning useful representations
whenever a large amount of information about items and users is available and the design of ad
hoc models and handcrafted features become infeasible [Zhang et al. 2019]. The advantages of
using deep learning in this scenario are two-fold: (1) it enables automatic feature learning from a
huge amount of raw data, and (2) it enables recommendation models to include both multimedia
features and user-item interactions.
The application scenario of product recommendations leveraging visual content is dominated
by fashion use cases. Fashion, by definition, is a style that is popular at a particular time among a
category of users. In the fashion domain, the user may not buy an item uniquely for its content
similarity with another item, but also because it is compatible with other fashion items within an
outfit, e.g., blue pair of pants compatible with a white shirt. A proper evaluation of this type of
compatibility (a whole outfit whose items share some stylistic properties) lies outside the capabilities of handcrafted features and requires a deep integration of visual features and user behavioral
analysis, an integration empowered by deep learning techniques.
Semantic orientation. From a pure machine learning perspective, many approaches have been designed able to directly predict the relevance scores of given user, item pairs to produce personalized
recommendations. Although these methods have the potential to lead to higher offline accuracy,
from an industrial and application-oriented perspective, the most successful approaches are those
that introduce semantic-oriented and in particular human-interpretable tagging as an intermediate step between the extraction of multimedia features and the generation of recommendations.
Turning multimedia features into structured tags is important for both editors and curators, as
structuring the content supports users’ information consumption and allows for a better tuning
of the recommender system.
Beyond-accuracy. Traditional content-based recommender systems tend to frequently recommend the same set of items to the users and result in similar recommendation lists and low diversity, whereas a recommender better able to diversify its recommendations will exhibit higher
utility for the users [Zhou et al. 2010]. In this regard, multimodal recommender systems, as well as
systems leveraging visual or aural modalities, improve beyond-accuracy performance of recommendations and avoid the so-called filter bubble issue [Haim et al. 2018].
3.2

Open Research Questions

We have identified several open research questions, which we put forward for the further evolution
of MMRS:
Multimodal recommender systems. Given that media items are described by multiple modalities,
an open research challenge becomes how to design recommendation techniques for multimedia
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data that are able to properly combine different sources of information (e.g., textual, audio, and
visual). Learning from multimodal sources offers the possibility of uncovering relationships between modalities and gaining an in-depth understanding of natural phenomena [Baltrusaitis et al.
2019].
Leveraging additional interaction types. Generally, in the context of recommender systems leveraging multimedia content, researchers rely on a few types of user-interaction types with media
items, such as viewing a video or listening to a soundtrack. In real-world applications, however,
there are many additional actions that can be performed on certain media items (e.g., zoom in on
a specific area of an image, re-watch a scene in a video, increase the volume when listening to a
part of a song) that are not considered in today’s research.
Security and privacy of multimedia recommender systems. A recently popular task is to study the
impact of machine-learned adversarial attacks against latent factor models. Several recent works
have reported the vulnerability of MMRS against such attacks, e.g., Di Noia et al. [2020], Tang et al.
[2019]. Compared with handcrafted shilling attacks [Deldjoo et al. 2020b], in adversarial attacks,
the goal of the attacker is to design norm-constrained adversarial perturbations to be added to the
data (embedding or raw content) to alter recommendation results toward an engineered outcome.
Studying the characteristics of these modern attacks is vital to design effective countermeasures
against them. For further information on this subject, the reader is invited to consider the recent
survey by Deldjoo et al. [2020c]. Ultimately, recently, the public awareness of privacy issues has
been steadily increasing. Preserving users’ privacy in the recommendation learning process via
building privacy-aware models (e.g., Anelli et al. [2019]) is gaining importance in real commercial
systems.
Evaluation of multimedia recommender systems. The evaluation of the effectiveness of RS is an
important research topic that goes beyond measuring the accuracy of the proposed recommendations [Kaminskas and Bridge 2017; Shani and Gunawardana 2011]. As outlined in Ge and Persia
[2018], the evaluation of MMRS relies on the general evaluation procedures applied to RS; it could
be worth investigating how the distinct media features and modalities involved in the recommendation process can impact on the effectiveness of the recommendations, not only from a purely
accuracy-based perspective but considering also the user experience (e.g., perceived quality, usefulness, or satisfaction with the recommendations) and fairness of recommendation [Deldjoo et al.
2020a].
Considering the impact of user interfaces. The usefulness of recommendations in systems leveraging multimedia content is affected by the different design characteristics of the user interface (e.g.,
the format and presentation of the media content). The design of the user interface has a potential
impact on the perceived quality of a multimedia recommender system [Cremonesi et al. 2017]. Algorithmic design dominates current research on multimedia recommender systems. However, several studies [Cremonesi et al. 2013] highlight a mismatch between algorithmic and user-perceived
qualities and suggest the necessity for further study on novel user interfaces for recommender
systems leveraging multimedia content [Amat et al. 2018].
Increasing transparency of multimedia recommender systems. Recommender systems are prominent applications of machine learning tools that directly interact with humans who are not necessarily experts in the field, e.g., a music educator or producer using a music recommendation
service. Being able to offer interpretable output enables multimedia RS to explain their recommendations, increase algorithmic transparency, and in turn users’ trust in and engagement with
the system. These are important factors to motivate users to stay in and keep receiving recommendations, resulting in loyalty in the long term. Considering the recent advent and advances of
deep learning models, which are currently widely adopted in research on MMRS, explainability
and interpretability become even more important aspects, since neural network architectures per
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se are often “black boxes” and hard or impossible to interpret. All the more, it is important to
push research using deep neural networks to a position where we not only care about prediction
accuracy but how users are able to make sense of why they have been recommended a particular
media item.
To conclude, we believe that our survey will stimulate future research, bridging the fields of
multimedia and recommender systems, by raising awareness of each other and featuring new
topics to consider in future research endeavors.
APPENDIX: LIST OF ABBREVIATIONS USED IN THE SURVEY
Abbr.
AFF
APC
BLF
BPR
CA
CBF
CBIR
CCA
CF
CNN
CS
DBN
DFT
DMF
DNN
DWT
HOG
KB
KG
LBP
LBSN
LFM
LOD
MF
MFCC

Meaning
attention fusion function
automatic playlist continuation
block-level features
Bayesian personalized ranking
context-aware
content-based filtering
content-based information retrieval
canonical correlation analysis
collaborative filtering
convolutional neural network
cold-start
deep belief network
discrete Fourier transform
deep matrix factorization
deep neural network
discrete Wavelet transform
histogram of oriented gradients
knowledge base
knowledge graph
local binary patterns
location-based social network
latent factor model
linked open data
matrix factorization
Mel frequency cepstral coefficient

Abbr.
MLP
MM
MMRS
MRR
MSE
PCA
POI
RMSE
RNN
RS
SCN
SIFT
SM
SN
STFT
SURF
TF-IDF
UGC
UGV
VBPR
VOD
WMF
WPE
WS
ZCR

Meaning
multi-layer perceptron
multimedia
multimedia recommender system
mean reciprocal rank
mean squared error
principal components analysis
point of interest
root mean squared error
recurrent neural network
recommender syste
social curation networks
scale invariant feature transform
social media
social network
short-time Fourier transform
speeded up robust features
term freq.–inverse document freq.
user-generated content
user-generated video
Visual Bayesian personalized ranking
video on-demand
weighted matrix factorization
weighted prediction error
warm-start
zero crossing rate
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