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Abstract

This paper provides an overview of some of the most relevant deep learning approaches to pattern extraction and
recognition in visual arts, particularly painting and drawing. Recent advances in deep learning and computer vision,
coupled with the growing availability of large digitized visual art collections, have opened new opportunities for computer
science researchers to assist the art community with automatic tools to analyse and further understand visual arts. Among
other benefits, a deeper understanding of visual arts has the potential to make them more accessible to a wider population,

ultimately supporting the spread of culture.
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1 Introduction

In recent years, due to technological improvements and
drastic decreases in costs, a large-scale digitization effort
has been made, leading to an increasing availability of
large digitized visual art collections, e.g. WikiArt. This
availability, coupled with the recent advances in deep
learning and computer vision, has opened new opportuni-
ties for computer science researchers to assist the art
community with automatic tools to analyse and further
understand visual arts. Among other benefits, a deeper
understanding of visual arts has the potential to make them
more accessible to a wider population, both in terms of
fruition and creation, thus supporting the spread of culture.

The ability to recognize meaningful patterns in visual
artworks is intrinsically related to the domain of human
perception. Recognizing stylistic and semantic attributes of
an artwork, in fact, originates from the composition of the
colour, texture and shape features visually perceived by the
human eye. In the past, this task has been tackled using
hand-crafted features (e.g. [1-4]). However, despite the
promising results of feature engineering techniques, early
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attempts were affected by the difficulty of capturing
explicit knowledge about the attributes to be associated
with a particular artist or artwork. Such a difficulty arises
because this knowledge is typically associated with
implicit and subjective expertise human observers may find
difficult to verbalize and conceptualize.

Conversely, representation learning approaches, such as
those offered by deep learning models, can be the key to
success in extracting useful representations from low-level
colour and texture features [5—7]. These representations
can assist human experts in various art-related tasks,
ranging from object detection in paintings to artistic style
categorization, useful for example in museum and art
gallery websites.

1.1 Motivations

In light of the growing interest in this research domain, this
paper aims to provide an overview of some of the most
notable works investigating the application of deep learn-
ing-based approaches to pattern extraction and recognition
in visual artworks. Visual arts are developed primarily for
aesthetic purposes, and are mainly concerned with paint-
ing, drawing, photography and architecture. In this paper,
we focus our attention only to painting and drawing, being
two of the most studied visual arts. It is worth noting that
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this paper is an extension of a brief overview we presented
in [8].

This literary review is mainly oriented towards
researchers or IT professionals, who may find it exciting to
engage in this context, which is very different, for several
reasons, from that of traditional photographic and natural
scenes. Nevertheless, the paper could also be of interest to
humanists, who can discover advances in deep learning and
computer vision that can help support their activities. To
this end, the paper is intended to provide the reader not
only with a state-of-the-art and future perspective on the
topic, but also with some guidelines the reader may find
useful for entering this line of research.

1.2 Structure of the paper

Being dedicated to a dual audience, the paper is divided
into two parts. The first part, which is reported in Sect. 2,
describes some available visual art datasets and the main
deep learning methods typically used in this context. The
second part, which is reported in Sect. 3, discusses the
main research trends with reference to what is described in
Sect. 2. Finally, Sect. 4 concludes the paper and outlines
high-level directions for further research on the topic.

2 Main datasets and deep learning methods

This section reviews some of the most relevant datasets, as
well as the basic principles of the main deep learning
methods adopted in the context of digitized paintings and
drawings.

2.1 Datasets

A schematic description of the most commonly used and
relevant datasets is provided in Table 1. WikiArt' (for-
merly known as WikiPaintings) is currently one of the
largest online collections of digitized paintings available. It
has been a frequent choice for dataset creation in many of
the recent studies and has contributed to several art-related
research projects. WikiArt integrates a broad set of meta-
data including style, period, and series. The included art-
works span a wide range of periods, with a particular focus
on Modern and Contemporary Art. The dataset is con-
stantly growing and includes not only paintings but also
sculptures, sketches, posters, and other artworks. At the
time of this writing, the WikiArt dataset includes approx-
imately 170,000 artworks attributed to 171 art movements
(some examples are shown in Fig. 1). Likewise, Art500k
[9] is a large-scale visual art dataset with over 550,000

! https://www.wikiart.org.
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digitized artworks with rich annotations. In fact, it provides
detailed labels not only related to artist and genre but also
to event, place and historical figure. All images were
mainly scraped from a few websites, including WikiArt
itself, and are low resolution copies of the original
artworks.

In addition to these projects, some museums begun to
make available to developers, researchers and enthusiasts
their art collections. For example, the Rijksmuseum of
Amsterdam made available (the first API for data collec-
tion was launched in 2013) extensive descriptions of more
than a half a million historical art objects, hundreds of
thousands of object photographs and the complete library
catalogue. The dataset was introduced as part of a chal-
lenge and consisted of around 100,000 photographic
reproductions of the artworks exhibited in the museum.
Since then, the digitally available content has been upda-
ted. The Rijksmuseum uses controlled vocabularies to
unambiguously describe its collection and bibliographic
datasets. These thesauri contain information about, for
example, people, locations, events and concepts. Currently,
the museum is developing technologies to allow users to
make optimal use of Linked Open Data. Similarly, on
February 2017, the Metropolitan Museum of Art of New
York City, colloquially “The MET”, made all the images
of public-domain works in its collection available under
Creative Commons open access license.” In particular, the
museum made available for download more than 406,000
images of artworks covering more than five thousand years
of art from all over the world, from the classic age to
contemporary works.

All the datasets mentioned above are mainly designed to
perform classification and retrieval tasks. A few datasets,
instead, have been enriched with precise information on
objects, for the purpose of object recognition and detection.
This is the case, for example, of the People-Art dataset,
which provides bounding boxes for the single “person”
category [10]. The authors claim the reason for only
labeling people is that they occur more frequently than any
other object class. A similar purpose is pursued by the
Behance-Artistic-Media (BAM!) dataset [11], built from
Behance, that is a portfolio website for contemporary
commercial and professional artists, containing over ten
million projects and 65 million images. Artworks on
Behance span many fields, such as sculpture, painting,
photography, graphic design, graffiti, and advertising.
Unlike other datasets, BAM! collects a rich vocabulary of
emotion, media, and content attributes. In particular, six
content attributes are considered, corresponding to popular
PASCAL VOC categories: bicycle, bird, car, cat, dog, and
people. More recently, Shen et al. [12] have made publicly

2 https://www.metmuseum.org.
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Table 1 Schematic overview of

some of the most frequently Dataset # artworks Main task

used and relevant datasets WikiArt ~ 170,000 Classification and retrieval
Art500k ~ 550,000 Classification and retrieval
Rijksmuseum ~ 650,000 Classification and retrieval
The MET ~ 400,000 Classification and retrieval
People-Art ~ 4500 Object recognition and detection
BAM! ~ 65,000,000 Object recognition and detection
Brueghel ~ 1500 Object recognition and detection
SemArt ~ 20,000 Multi-modal retrieval
Artpedia ~ 3000 Multi-modal retrieval
WikiArt Emotions ~ 4000 Emotion recognition

Fig. 1 Sample digitized artworks from WikiArt

available a new version of the Brueghel dataset® with rich
annotations. The dataset contains 1587 artworks made in
different media (e.g. oil, watercolour, etc.) and on different
materials (e.g. paper, panel copper), describing a wide
variety of scenes (e.g. landscape, still life, etc.). The
authors selected 10 of the most commonly repeated details
in the dataset and annotated the bounding box of the
duplicated visual patterns. It is worth noting that only the
duplicates for each pattern were annotated and not the
complete object classes.

To accommodate a multi-modal retrieval task where
paintings are retrieved in accordance with an artistic text,
and vice versa, a few datasets provide not only metadata
attributes but also artistic comments or descriptions, such

3 http://www.janbrueghel.net/.

as those that commonly appear in catalogues or in museum
collections. This is the case of SemArt [13] and Artpedia
[14]. The main difference between the two datasets is that
Artpedia distinguishes visual sentences, describing the
visual content of the work, from contextual sentences,
describing the historical context of the work.

A different point of view was taken in the development
of the WikiArt Emotions dataset [15], which includes 4105
artworks with annotations for the emotions they evoked in
the observer. The artworks were selected from the WikiArt
collection for twenty-two categories (Impressionism,
Realism, etc.) from four Western styles (Renaissance, Post-
Renaissance, Modern and Contemporary Art). Artworks
were crowd-sourced annotated for one or more of twenty
categories of emotions, including neutrality. In addition to
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emotions, the annotations also concern the depiction of a
face and how much the observers liked the artworks.

2.2 Deep learning methods

Deep learning refers to a class of machine learning tech-
niques that exploit hierarchical architectures of information
processing layers for feature learning and pattern recogni-
tion [6]. The main advantage of deep learning models over
classic machine learning algorithms is their ability to learn
relevant features directly from data. This is desirable,
especially in perceptual problems, such as those related to
aesthetic perception, since mimicking skills that humans
feel natural and intuitive have been elusive for machines
for a long time.

Indeed, deep learning has a fairly long history, the basic
concepts of which originate from artificial neural network
research [16]. The neural network paradigm has its roots in
such pillars as the works of McCulloch and Pitts [17] and
Rosenblatt [18], and was popularized in the 1980s thanks to
the rediscovery of the well-known backpropagation learn-
ing algorithm [19], which allows a network to update its
parameters to learn the solution to a problem based on
training data. However, due to the lack of large-scale
training data and limited computation power, neural net-
works went out of fashion in the early 2000s. This was the
reason why some seminal papers on convolutional neural
networks, e.g. the paper by LeCun et al. [20], and long
short-term memory, e.g. the paper by Hochreiter and
Schmidhuber [21], remained rather dormant and were only
rediscovered later in the last decade. In recent years, the
availability of large annotated datasets, such as ImageNet
[22], and the development of high performance parallel
computing systems, such as GPUs, have fostered a resur-
gence of neural networks with breakthroughs in historically
difficult tasks, notably image classification and natural
language processing. In particular, interest in deep neural
networks has grown rapidly since the 2012 edition of the
ImageNet Large Scale Visual Recognition Challenge, in
which AlexNet has far surpassed all previous traditional
algorithms [23]. The applications of artificial neural net-
works today are innumerable and range from healthcare
[24] to bioinformatics [25], from biometrics [26] to cyber-
security [27], and so on.

A rich plethora of deep learning techniques has been
proposed in the literature. Among these, the most com-
monly used in the art domain are discussed below.

2.2.1 Convolutional neural networks
Since their appearance, convolutional neural networks

(CNNi5s) have revolutionized image processing and are now
almost universally used in computer vision applications

@ Springer

[23, 28]. They are much better suited for image data than
traditional fully-connected networks, thanks to their ability
to retain the spatial input information during the forward
propagation. The two main building blocks of CNNs, in
fact, which are convolutional layers and pooling layers,
are, respectively, able to detect the presence of features
throughout an image and guarantee, to some extent, a
translation invariance property. Popular deep CNNs are
AlexNet [23], VGG [29] and ResNet [30].

When used in the artistic domain, a CNN can learn to
recognize an artist’s visually distinctive features by
adapting its filters to respond to the presence of these
features in a digitized painting. The fully-connected layers
typically stacked on top of the convolutional/pooling layers
can then be used to translate the presence and intensity of
the filter responses into a single confidence score for an
artist. A high confidence score is indicative of the presence
of a strong response, while a low score indicates that
responses are weak or non-existent (a scheme is depicted in
Fig. 2). A classic example is PigeoNET, a CNN conceived
for an artist attribution task based on artwork training data
[31]. When enriched with a feature visualization technique,
such a network can show the regions of the input image
that have contributed most to the correct artist attribution,
especially in case of multiple authorship. More recently,
multi-task models have begun to gain popularity, which
provide an effective method to solve separate tasks (artist
attribution, period estimation, etc.), tackling them simul-
taneously. Sharing data representation among tasks, in fact,
allows the model to exploit the “semantic entanglement”
among them to achieve better accuracy [32].

One of the keys to the success of these models is their
ability to “transfer” knowledge from one domain to
another, provided that the latter is not too dissimilar from
the first [33, 34]. Transfer learning is typically done by
fine-tuning some of the higher layers of a model previously
trained for another (more general) task, continuing back-
propagation for the specific prediction task. Fine-tuning
only higher-level portions of the network is motivated by
the observation that the earlier layers of a pre-trained CNN
provide generic features (e.g. edges, colour blobs, etc.) that
could be useful for many tasks, while later layers are
progressively more specific to the details of the images
contained in the original dataset. Re-training the network
again on a specific dataset slightly adjusts the more abstract
representations learned by the network, in order to make
them more tailored for the image domain at hand. Since
artwork datasets are typically smaller in size that traditional
natural image datasets, such as ImageNet, this re-training
step is generally required to improve prediction
performance.

It is worth noting that, as done in [35], the features
provided by the bottleneck layer of a deep pre-trained



Neural Computing and Applications (2021) 33:12263-12282 12267
: : E Renaissance
— > Impres§ionism
H Cubism
Input Convolution Pooling Convolution Pooling Flly: Output
connected

Fig. 2 Schema of a typical CNN architecture. The network is here called to classify the artistic movement to which the painting belongs

model can be used as a visual embedding to achieve a more
compact feature space representation. Alternatively, com-
pact representations can be learned directly from data using
a convolutional autoencoder model [36].

In addition to being used for image classification, CNNs
usually form the backbone of many current object detection
systems. These involve not only recognizing and classify-
ing objects in an image, but also localizing the position of
the objects by drawing a rectangular bounding box around
them [37]. This clearly makes object detection more dif-
ficult than traditional image classification. Generic object
detection frameworks can be mainly categorized into two
classes [38]. The first one includes models that initially
generate region proposals and then classify each proposal
into different categories. This two-step process was pio-
neered by the well-known R-CNN model [39]. The second
class concerns those models that regard object detection as
a regression or classification problem, adopting a unified
process to obtain categories and locations directly in one
step. One of the most popular frameworks that falls into
this class is the “You Only Look Once” (YOLO) object
detection family [40]. A trade-off should be considered
between the two classes, as region proposal-based methods
usually perform better, while regression-based methods are
faster at the expense of decreased accuracy.

The main issue encountered when using object detectors
on artistic images is the so-called cross-depiction problem
[41, 42], that is the problem of detecting objects regardless
of how they are depicted (painted, drawn, photographed,
etc.). Most methods tacitly assume photographic input,
both at training and test time; however, any solution that
does not generalize well regardless of its input depiction is
of limited applicability.

A final observation concerns the evaluation of CNN
performance. When used for tasks such as style classifi-
cation or time period estimation, these models are typically
evaluated with standard classification and regression met-
rics, such as accuracy and mean absolute error. On the
other hand, in the context of object detection, a lot of

attention is paid to metrics such as precision and recall to
evaluate the quality of the predicted bounding boxes.

2.2.2 Generative adversarial networks

Generative adversarial networks (GANSs), proposed by
Goodfellow et al. [43], represent a paradigm for unsuper-
vised deep learning [44]. They are characterized by a pair
of networks, typically consisting of convolutional and/or
fully-connected layers, which are in competition against
each other. The first network, generally referred to as the
generator G, creates fake images, with the aim of making
them as realistic as possible. The second network, called
the discriminator D, receives both real and fake images,
with the aim of telling them apart. The two networks are
trained simultaneously. The cost of training is evaluated
using a value function V and implies the resolution of
maxp ming V(G, D), where the discriminator tries to
maximize its classification accuracy, while the generator
tries to deceive the discriminator as much as possible.
When the generator is able to perfectly match the real data
distribution, then the discriminator is fooled to the maxi-
mum, predicting 0.5 for all input images. In other words, D
can no longer distinguish between real samples and fake
images.

As generative models learn to capture the statistical
distribution of data, this allows for the synthesis of samples
from the learned distribution. In the specific context of
computational creativity, GANs allow professionals to
automatically create a form of art [45]. Unfortunately,
GAN training is not easy and often results in the problem
of mode collapse. This means that the generator always
starts exploring the same pattern, producing a small set of
very similar samples (i.e. with low diversity) [46].

In this context, it is much more difficult to quantitatively
evaluate and compare GAN architectures, as there is no
objective loss function used to train the generator and no
way to objectively evaluate the progress of training. Usu-
ally, practitioners manually assess the quality of the
training, generating samples from the generator and
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evaluating the plausibility and diversity of the resulting
synthetic images.

2.2.3 Recurrent neural networks

Recurrent neural networks (RNNs) are computational
learning models with a “memory”, meaning that they take
their internal parameters not only dependent on the input at
current time ¢, but also on the output at time ¢t — 1. Thanks
to this, they can handle arbitrary input/output sequences,
which makes them suitable for temporal and sequential
data. Indeed, RNNs are ideal for tasks such as natural
language processing [47] and speech recognition [48], in
which they have reached state-of-the-art. RNNs have a
long history and were already known in the 1980s [49]. The
Hopfield network, introduced in 1982 by Hopfield [50], can
be considered one of the first networks with recurring
connections. Unfortunately, the basic version of RNNs fails
to learn long-term dependencies due to the well-known
vanishing gradient problem. Architectural changes have
been proposed to address this problem, making RNNs the
powerful tool they are today. These include the afore-
mentioned long short-term memory [21] and gated recur-
ring units [51].

In particular, one of the key findings of RNNs on
challenging natural language processing problems is the
use of so-called word embeddings, which translate large
sparse vectors into a smaller space that preserves semantic
relationships, thus improving generalization performance.
Popular word embeddings are Word2Vec [52] and GloVe
[53].

In the particular context of visual arts, RNN models are
clearly rarely used alone, as the typical input consists of
artistic images, i.e. data having a spatial rather than a
temporal nature. However, RNNs are increasingly being
used in conjunction with computer vision techniques to
solve multi-modal retrieval tasks [13], and have recently
been proposed for question answering on art [54] and art-
work captioning [55].

Finally, with regard to performance evaluation, as in
traditional information retrieval literature approaches that
combine convolutional and recurrent neural network
models typically rely on metrics based on precision and
recall to quantitatively assess the results obtained.

3 Main research trends

Studies involving deep learning approaches for pattern
extraction and recognition in paintings and drawings can be
broadly classified according to the tasks performed. These
tasks have outlined the following main research trends and
directions:

@ Springer

e Artwork attribute prediction;

e Information retrieval and artistic influence discovery;

e Object recognition and detection, including near dupli-
cate detection;

e Content generation.

To a lesser extent, the following topics have also been
addressed in the literature:

Artistic to photo-realistic translation;

Fake detection;

Representativity;

Emotion recognition and memorability estimation;
Visual question answering;

Artwork captioning.

Figure 3 shows the trend of all these topics in terms of the
number of papers published and publication year of the
articles reviewed. It can be seen that since 2018 there has
been an increasing number of publications on these topics,
demonstrating the growing interest of the scientific com-
munity in digitized painting and drawing tasks. The fol-
lowing sections are devoted to discussing each topic in
detail.

12

10

10

2013 2014 2015 2016 2017 2018 2019 2020 2021

Fig. 3 Paper counting based on topics (above) and year of publication
(below)
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3.1 Artwork attribute prediction

One of the tasks most frequently faced by researchers in the
visual art domain is learning to recognize some artwork
attributes (artist, genre, period, etc.) from their visual style.
Automatic attribute prediction can support art experts in
their work on painting analysis and in organizing large
collections of paintings. Furthermore, the widespread dif-
fusion of mobile technology has encouraged the tourism
industry to develop applications that can automatically
recognize the attributes of an artwork in order to provide
visitors with relevant information [56, 57].

Although the concept of visual style is rather difficult to
define rigorously, distinct styles are recognizable to human
observers and are often evident in different painting
schools. Artistic visual styles, such as Impressionism,
Romanticism, in fact, are characterized by distinctive fea-
tures that allow artworks to be grouped according to related
art movements. In other words, every artwork has a visual
style “idiosyncratic signature” [58] which relates it to
other similar works.

The papers investigating this topic can be categorized
depending on the use of one single model for each indi-
vidual attribute prediction or a multi-task model aimed at
predicting different attributes simultaneously.

3.1.1 Single-task methods

Thanks to their ability to capture not only colour distri-
bution, but also higher level features related to object
categories, features automatically extracted by a CNN can
easily surpass traditional hand-crafted features when tack-
ling an artwork attribute prediction task. One of the first
works on this topic, namely the research presented by
Karayev et al. [59], in fact, showed how a CNN pre-trained
on PASCAL VOC [60], i.e. an object recognition and
detection dataset, is quite effective in attributing the correct
painting school to an artwork. The authors explained this
behaviour by observing that object recognition depends on
the appearance of the object, so the model learns to reuse
these features for image style. In other words, they suggest
that style is heavily content-dependent.

As mentioned above, another seminal work in this
context is the research presented in [31], in which van
Noord et al. proposed PigeoNET, a CNN trained on a large
collection of paintings to perform the task of automatic
artist association based on visual characteristics. These
characteristics can also be used to reveal the artist of a
precise area of an artwork, in the case of multiple author-
ship of the same work. We observe that the classification of
the unique characteristics of an artist is a complex task,
even for an expert. This can be explained by considering

that there can be low inter-variability among different
artists and high intra-variability in the style of the same
artist.

Saleh and Elgammal [61] developed a model capable of
predicting not only style, but also genre and artist, based on
a metric learning approach. The goal is to learn similarity
measures optimized on the historical knowledge available
on the specific domain. After learning the metric, the raw
visual features are projected into a new optimized feature
space on which standard classifiers are trained to solve the
corresponding prediction task. In addition to classic visual
descriptors, the authors also used features automatically
learned by a CNN. Also Tan et al. [62] focused on the three
tasks of style, genre and artist classification, and conducted
training on each task individually. Interestingly, they also
visualized the neurons’ responses in the genre classification
task, highlighting how neurons in the first layer learn to
recognize simple features, while, as layers go deeper,
neurons learn to recognize more complex patterns, such as
faces in portraits.

Cetinic et al. [63] conducted extensive experimentation
to investigate the effective transferability of deep repre-
sentations across different domains. Interestingly, one of
their main findings is that fine-tuning networks pre-trained
for scene recognition and sentiment prediction yields better
performance in style classification than fine-tuning net-
works pre-trained for object recognition (typically on
ImageNet). A similar investigation was recently conducted
by Gonthier et al. [64]. The authors used techniques to
visualize the network internal representations to provide
clues to understand what a network learns from artistic
images. Furthermore, they showed that a double fine-tuning
involving a medium-sized artistic dataset can improve
classification on smaller datasets, even when the task
changes.

Chen et al. [65] further advanced research on the use of
CNN s for style classification, moving from the observation
that different layers in existing deep learning models have
different feature responses for the same input image. To
take full advantage of the information from different lay-
ers, the authors proposed an adaptive cross-layer model
that combines responses from both lower and higher layers
to capture style. Finally, another contribution was provided
by Sandoval et al. [66], who proposed a two-stage image
classification approach to improve style classification. In
the first stage, the method splits the input image into pat-
ches and uses a CNN model to classify the artistic style for
each patch. Then, the probability scores given by the CNN
are incorporated into a single feature vector that is provided
as an individual input to a shallow neural network model
that performs the final classification (see Fig. 4). The main
intuition of the proposed method is that individual patches
work as independent evaluators for different portions of the
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Fig. 4 Two-stage style classification model proposed in [66]. In the
first stage, the analyzed images are divided into five patches (P1—P5)
and a deep CNN model is used to categorize the style for each patch.
In the second stage, the intermediate CNN classification results
(probability vectors C1—C5) for the individual patches are assembled
into a single input vector fed into a shallow neural network that is
trained to provide the final style label

same image; the final model ensembles those evaluations to
make the final decision. As is usually the case in this
research, confusion was found between historically similar
styles. Hence, we conclude that separating visual styles is
still a challenging problem.

3.1.2 Multi-task methods

The methods described above address each prediction task
individually. Tackling multiple tasks with a single end-to-
end trainable model can help in training efficiency and
improve classification performance if there is a correlation
between different representations of the same input for
different tasks. A popular multi-task method is OmniArt
[32]. Basically, it consists of a multi-output CNN model in
which there is a shared convolutional base for feature
extraction and separate output layers, one for each task.
The overall training is carried out by minimizing an

@ Springer

aggregated loss obtained as a weighted combination of the
separate losses.

A different approach was adopted in Belhi et al. [67]
who presented a multi-modal architecture that simultane-
ously takes both digital images and textual metadata as
input. The three-channel image is propagated through the
convolutional base of a standard ResNet; some metadata,
particularly information on genre, medium and style, are
one-hot-encoded and provided as input to a shallow feed-
forward network. Higher level visual and textual features
are concatenated and used to feed the final classification
layer. Results indicate that the multi-modal classification
system outperforms the individual classification in most
cases.

Garcia et al. [35] have gone a step further by combining
a multi-output model trained to solve attribute prediction
tasks based on visual features and a second model based on
non-visual information extracted from artistic metadata
encoded using a knowledge graph (see Fig. 5). In short, a
knowledge graph is a complex graph that is capable of
capturing unstructured relationships between the data rep-
resented in the graph. The second model based on the
constructed graph is therefore intended to inject “context”
information to improve the performance of the first model.
To encode the knowledge graph information into a vector
representation, the node2vec model [68] was adopted.
Indeed, at test time, the context embeddings obtained by
computing the knowledge graph cannot be obtained from
samples that have not been included as nodes, so the
modules that process this information are thrown away.
However, the assumption is that the main classification
model was forced to learn how to incorporate some con-
textual information during training. It is worth noting that
the proposed method was successfully used by the authors
to perform both classification and retrieval.

3.2 Information retrieval and artistic influence
discovery

Another task that has attracted attention is finding simi-
larity relationships between artworks of different artists
and painting schools. These relationships can help art
historians to discover and better understand the influences
and changes from an artistic movement to another. Indeed,
art experts rarely analyze artworks as isolated creations, but
typically study paintings within broad contexts, involving
influences and connections among different schools. Tra-
ditionally, this kind of analysis is done manually by
inspecting large collections of human annotated photos.
However, manually searching over thousands of pictures,
spanned across different epochs and painting schools, is a
very time consuming and expensive process. An automatic
support tool would avoid this cumbersome process. More
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TRAINING

Visual Embeddings

CNN

Fig. 5 Scheme of the method proposed in [35] which combines visual
and context embeddings. At training time, visual and context
embeddings are calculated from the painting image and from the

generally, studying how to automatically understand art is a
step towards the long-term goal of providing machines
with the human aesthetic perception and the ability to
semantically interpret images.

This task has been mainly addressed by employing a
uni-modal retrieval approach based only on visual features.
A different way to look at this problem is to use a multi-
modal retrieval approach where computer vision and nat-
ural language processing converge towards a unified
framework for pattern recognition. These aspects are
treated separately in the following subsections.

3.2.1 Uni-modal retrieval

A uni-modal approach to finding similarities among
paintings was proposed by Saleh et al. [69], based on tra-
ditional hand-crafted features. The authors trained dis-
criminative and generative models for the supervised task
of classifying painting style to ascertain which type of
features would be most useful in the art domain. Then,
once they found the most appropriate features, i.e. those
that achieve the highest accuracy, they used these features
to judge the similarity between paintings by using distance
measures.

A method based on deep learning to retrieve common
visual patterns shared among paintings was proposed by
Seguin et al. [70]. The authors compared a classic bag-of-
words method and a pre-trained CNN in predicting pairs of
paintings that an expert considered to be visually related to
each other. The authors have shown that the CNN-based
method is able to surpass the more classic one. The authors
used a supervised approach in which the labels to be pre-
dicted were provided manually by human experts.

TEST

Context-Aware
Embeddings

QO Religious
@ Landscape

QO Portrait

RelLU

CNN

knowledge graph, respectively, and used to optimize the model
weights. At test time, to obtain context-aware embeddings from
unseen test samples, painting images are fed into a second model

The manual annotation of images is a slow, error-prone
and highly subjective process. Conversely, a completely
unsupervised learning method would provide a useful
alternative. Gultepe et al. [71], applied an unsupervised
feature learning method based on k-means to extract fea-
tures which were then fed into a spectral clustering algo-
rithm for the purpose of grouping paintings. In line with
these ideas, in [72, 73] we have proposed a method aimed
at finding visual links among paintings in a completely
unsupervised way. The method relies solely on visual
attributes automatically learned by a deep pre-trained
model, so it can be particularly effective when additional
information, such as textual metadata, are scarce or
unavailable. Furthermore, a computerized suggestion of
influences between artists is obtained by exploiting the
graph of painters obtained from the visual links retrieved.
The analysis of the network structure provides an inter-
esting insight into the influences between artists that can be
considered the result of a historical knowledge discovery
process (see Fig. 6).

In [36, 74], we have moved further on this direction by
exploiting a deep convolutional embedding framework for
unsupervised painting clustering, where the task of map-
ping the raw input data to an abstract, latent space is jointly
optimized with the task of finding a set of cluster centroids
in the latent feature space. We observed that when the
granularity of clustering is coarse, the model takes into
account more general features, mainly related to the artistic
style. Conversely, when the granularity is finer, the model
begins to use content features and tends to group works
regardless of the corresponding style. This abstraction
capability could be exploited to find similarities between
artworks despite the way they are depicted.
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