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CURATION, CONTENT, 
CREATION

Computer Approaches to the Fine Arts

Javier de la Rosa and Juan-Luis Suárez

Portrait of Edmond de Belamy, an “algorithmically” generated painting featured at New York auc-
tion house Christie’s, sold for $432,500 in October of 2018. An anonymous bidder acquired 
the piece over the phone for a price nearly forty-five times the highest estimate. In the process, 
Christie’s became the “first auction house to offer a work of art created by an algorithm,” for 
whatever that is worth.1 The gold-framed but otherwise dull depiction of a fictional man mim-
icking the style of nineteenth-century European portraiture set the path for more contenders to 
enter the increasingly bigger artificial intelligence–fueled art market. A few months later, New 
York’s HG Contemporary gallery in Chelsea presented Faceless Portraits Transcending Time, an 
exhibition where all paintings were created by a computer; in particular the paintings were pro-
duced by the “collaboration” between an algorithm named AICAN and its creators,2 although 
arguably the machine did most of the work.3 And while some have long foreseen the apocalypse 
of art in these new approaches,4 it remains to be seen for how long these attempts will survive 
in a market that favors freshness and originality over innovation, as John McCormack put it 
when referring to the “precious bubble.”5 Certainly, it has become almost impossible to escape 
the hype of technology in every field imaginable, and the frontiers of what separates human 
from artificial creation is ever blurrier. However, every technological process, no matter how far-
fetched or future changing, has people involved one way or another. Algorithms and artificial 
intelligence build upon human knowledge, be it as the curators of the data sets used to teach the 
machines or the specialists who validate newly produced artifacts. To get to the current moment 
in the fine arts and art history, an invaluable amount of labor has been put in throughout time 
by many experts, curators, art historians, librarians, scholars, and students. This is not to say that 
the technological advances can be trivialized; rather, that for them to burst into the art scene 
the previous painstaking effort is often made invisible or even forgotten. We try to highlight 
how those endeavors are moving or might move into the digital domain, with a great deal of 
human ingenuity involved. In this chapter we describe three of the main aspects embroiled in 
the generation of such AI-crafted—allowing the craftsmanship metaphor—paintings: curation, 
content, and creation. We illustrate how each step is a rich research field in itself and provide 
details on specific projects that have been carried out and the ranging variety of tools used. The 
chapter is also meant to point to the variety of paths opening up for experts of the fine arts in 
the digital age.
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Curation

Data-related projects in fine arts usually start with the construction of a data set, which in the 
humanities might also be referred to as a corpus or collection, depending on the discipline. It is 
important to note that this first step, the construction of the data set, represents the most burden-
some phase since in most cases, and certainly in cases that deal with history prior to the digital 
age, researchers need to digitize the materials. If, on the contrary, one works with contemporary 
art it is more likely that the information has already been digitized. When the primary elements 
of a data set are images or digitized versions of images, metadata plays a fundamental role. Qual-
ity curation of content is an intensive and time-consuming task performed manually by humans, 
but once a data set has been built, its many secrets can be exploited in multiple forms until 
exhausted. The formats vary from formal relational databases built with schemas and models of 
the reality in mind to somewhat chaotic and ad hoc spreadsheets or text files.6 Regardless, all of 
them attempt to capture some particular nuances of the relevant subject domain: a slice of reality 
in computer form from a human’s vantage point. The Hispanic Baroque Project is an example 
of such practices.7 With the ambitious goal of characterizing the complexity of the First Atlantic 
Culture, the project set to trace interactions that generated the cultural complexity that was 
characteristic of the Hispanic Baroque from the mid-sixteenth to early nineteenth centuries, 
and that allowed for their reproduction in, and transfer of models to, other cultural settings even 
today.8 Methodologically, in order to analyze three spheres of Baroque culture—the Baroque 
constitution, its religious expressions, and its urban aspects—some ideas from complexity theory 
such as emergence, dynamic stability, or efficiency were applied. These concepts, once arcane to 
humanistic endeavors, started to make sense precisely at the intersection of various disciplines 
and methods, and became instrumental for the project once the use of graph theory and net-
work science was leveraged. Thus, the project embarked on the construction of several databases 
and tools to better achieve its goals. One of these databases still active today is BaroqueArt, a data 
collection of Hispanic Baroque painters, places, and paintings from 1550 to 1850.9 Populated 
through fieldwork data collection and manual data extraction from existing print catalogues, 
the database contains close to seventeen thousand items from fourteen hundred bibliographical 
resources, where each item might be annotated by up to two hundred descriptors. Since the 
scope of the database is Hispanic Baroque art, entries are of varying geographies and artistic 
styles. The selection follows historical context as well as artistic and scholarly principles such 
as influence and knowledge transfer. Interestingly, the aforementioned descriptors were put 
together using a team-based, manual curation approach to create a comprehensive ontology 
based on rich annotations of the main object of study: the paintings.10 These descriptors ranged 
from the abstract (e.g. “virtuality”) to the concrete (e.g. the kind of ink used on the physical 
canvas) and served as a proxy to build a network of paintings.11 After annotation, a link was 
established between any pair of paintings if they shared at least five or more annotations, using 
this cardinality as the weight of the created edge in the graph. The resulting network, divided 
into periods of twenty-five years, together with the geographical information that tracked the 
place of production and current location of the paintings, allowed for a rich analysis that proved 
the importance of symbols in the creation and sustainability of the First Transatlantic Culture.12 
The study introduced a new methodology that aspired to establish the foundations of a digital 
geography of art and culture. At the same time, it left a database of thousands of paintings with 
extremely detailed metadata, from religious descriptors such as “virgins” or “saints,” to the use 
of the “civil” descriptor that signaled more secular aspects of Latin American paintings as those 
nations moved toward independence. In other words, it curated a vast number of artifacts for 
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future filtering, querying, and retrieving that could be utilized to, for example, select all paintings 
of male portraits in a specific style.

Content

One natural step after the analysis of metadata is to study the actual content of the digital images 
of paintings: that is, what it is that they depict, how this is materialized in the painting, what 
meanings those depictions carry with them, and what can we learn from them. In this sense, dif-
ferent approaches have been tested over the years. Particularly notorious and numerous are those 
that seek to identify—by computational means—styles in a painting, either the author’s personal 
signature or the pictorial style within a time period.13 Although less prolific in the literature, 
other avenues of research have been explored: extraction of meaning,14 influence networks,15 
and trends over time,16 to name a few. It is in this latter category that we can place the Faces 
Project, which studied how people were depicted across time and what relation those depictions 
had to present day evolutionary conceptions of perceived attractiveness. The main goal of the 
project was to assess whether human beauty had always been universally perceived in the same 
manner or had changed over time and across cultures.17 This is, however, an almost unprovable 
issue since beauty is a changing and subjective notion and as such cannot be measured scientifi-
cally. If we add that we lack reliable photographic evidence of most periods of human history, 
we can agree that accessing the past of the notion of beauty is a difficult task. In addition, no 
representative sample of the respective populations of the past will ever be possible to obtain 
as we can only make inferences as to the representativeness of the human types depicted in art 
history across cultures. To overcome these limitations, the project considered instead a definition 
of perceived attractiveness valid in evolutionary psychology and neuro-aesthetics that is sup-
posed to be universal yet comprehensible and feasible to extract numerically. It was then used 
as a proxy for beauty on a corpus of over 120,000 paintings from all over the world and time 
periods. However, for different reasons the collection ended up having a major participation of 
Western paintings and styles, thus limiting the scope of the results. Before the popularization of 
WikiArt, the current de facto paintings database,18 collecting a data set of these characteristics 
was a challenge, and the project had to turn to a comprehensive but private collection of images 
made public on the internet.19 Fortunately, the situation is slowly changing and we can now 
find cultural institutions releasing their data openly to the public and for free.20 Paintings are 
possibly the only artifacts known to have reliably recorded the various aspects of human attrib-
utes before the invention of photography, and while there is no guarantee that depicted people 
are representative of the general population, it still is the best resource there is to track changes 
in the representation of the human face.21 It is important to note that the project does not 
make any claims on current or past standards of beauty. Rather it applies a supposedly objective 
approximation of it on a faceted corpus of paintings and analyzes the results and their implica-
tions. That is to say, if we were to accept a scientific definition of perceived attractiveness, the 
Faces Project describes how depicted people, periods, and styles would fare against it. In assess-
ing the perceived attractiveness of a given face, two main factors influence the outcome. First, 
symmetry—measured as the sum of the distances of facial attributes to the center of the face 
as defined by the perpendicular line that crosses it through the middle horizontal point of the 
nose and that divides the face in two hemi-faces. Second, averageness—a slightly more elusive 
concept that is defined as the difference between an individual’s facial attributes and those of the 
average of a group. Effectively, this calculation consists in the difference between an individual’s 
face symmetry value and that of the average composite image of all faces of a group, being a 
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group defined by a time period or a painting style. At the technical level, all of these measure-
ments built upon proven face recognition algorithms that provided exact facial feature coordi-
nates within images: a couple of points for each eye, three for the mouth, and another three for 
the nose. Moreover, these borrowed techniques from machine learning also gave estimations of 
gender, age, and the head pose of the recognized faces, allowing for a demographic aggregation 
and rich comparison of the results.

The project showed that the representation of human faces has not remained constant and 
that there are substantial differences between the faces depicted between the fifteenth and eight-
eenth centuries when compared to those of both the thirteenth and twentieth centuries. Espe-
cially significant was the decrease in the perceived attractiveness of faces in twentieth-century 
paintings, as the freedom of artists and the openness of society fostered the representation of 
different types of human face other than those associated with classical styles.

The Faces Project also set the path for a digital demography in the fine arts as it explored 
demographic distributions and age pyramids for the first time. As an unexpected side effect of 
the project, valuable data on the demographics of people in paintings were uncovered, both by 
century and by painting style. Therefore, it became possible to characterize, for example, the 
most common types of individual depicted in a specific period of time, including the preferred 
age and gender in a particular painting style,22 or the composition, poses, proportions, and spatial 
locations in which particular types appear.

Creation

The final step in the pipeline is the creation process itself. We now have a sense of how impor-
tant the proper curation of collections is and how it enables the selection of paintings in different 
painting styles. Moreover, through the analysis of their content, further filters can be applied (e.g. 
retaining those paintings that display only one woman in a central role). Although very different 
methodologically, both aspects combine to produce rich labeled samples from which, theoreti-
cally, a machine can learn. However, while learning by example is one of the ways in which 
art can be artificially produced, all AI-generated artworks are technically under the umbrella of 
what is called generative art.

Generative art, in which human participation is drastically reduced if not completely elimi-
nated from the creative process, is by no means a novel idea.23 Although many different methods 
exist, both disciplinary (mechanical, chemical, biological, mathematical, robotic, etc.) as well as 
conceptual (emergence, evolution, embodiment, self-organization, etc.), the creation of art by 
autonomous systems has been historically tied to rule-based and algorithmically determined 
computer processes. Since its birth in the computer graphics scene in Stuttgart in 1965 with 
Generative Computergraphik, presumably the first exhibition to show generative computer art,24 
dynamic artwork-systems have evolved in parallel with the technology that made them pos-
sible. From the mid-1960s onwards, artists played with the idea of generating art by leveraging 
concepts from Artificial Life (e.g., L-systems, genetic algorithms, cellular automata) and Artificial 
Intelligence. AARON, a piece of software built over a forty-year period by the abstract painter 
Harold Cohen, is perhaps one of the first attempts to use artificial intelligence to produce art.25 
Its style and aesthetic dexterity have evolved over many existing versions since its conception: 
from basic abstract black and white compositions to the inclusion of color and figurative ele-
ments. It even debuted in an exhibition at the Tate Gallery in London, United Kingdom, in 
1983, where the works are still housed after the passing in 2016 of its creator.

However, what makes AARON fundamentally different from AICAN (Artificial Intelligence 
Creative Adversarial Network), namely the technique used to generate the series Faceless Portraits 
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Transcending Time, is the school of thought from which the two approaches of artificial intel-
ligence come. AARON uses what is called a symbolic approach, in which the expert of the 
domain must manually encode a number of rules in the algorithm that govern the creation 
process. By contrast, AICAN uses a connectionist approach, meaning that instead of hard coding 
the rules that guide the creative process, the algorithm learns the general ideas from previous 
examples until it is able to produce new and hitherto unseen artworks. In computer science lit-
erature, the latter method is referred to as an artificial neural network, since it is vaguely inspired 
by the biological neural networks in animal brains. A neural network is more a framework for a 
specific learning task than an algorithm itself, since no prior task-specific rules are programmed 
into them.

Typically, neural networks are internally structured in layers connected to each other in such 
a way that the input layer receives a numerical representation of an object to be classified and 
the output layer produces values that assign the input to one of several possible classes. Each of 
these layers have artificial neurons that perform some computation based on an activation func-
tion and some pre-defined weights. With some reservations, the process of learning or training 
is then reduced to processing the input iteratively and adjusting the weights until a certain loss 
function is minimized in the output layers. When the number of layers increases, we talk about 
deep neural networks or deep learning.26

In the case of image recognition by artificial intelligence, a common kind of neural net is 
the Convolutional Neural Network (CNN) that works by reducing images successively using 
a form of matrix multiplication named convolution—technically, a cross-correlation—until the 
resulting image can be assigned a class from a limited number of options.27 For example, in a 
data set comprising exclusively images of paintings by Joan Miró and Van Gogh, a CNN might 
be able to extract features of the images at an increasing level of abstraction: beginning with the 
identification of pixels that form edges and borders; progressing to the identification of blobs 
and shapes; and, finally, distinguishing individual strokes, themes, or styles. Instead of feeding 
all this information independently, a CNN automatically generates identifying characteristics 
from the data sets it processes. This results in one of the best and worst qualities of this method: 
A neural network will always be as good (and as biased) as the data used to train it. As described, 
CNNs are very good at classifying images, but not very useful at generating them by themselves. 
One way to adapt them to the task of image creation is to run the classification process in reverse 
order: If the outermost layers of a CNN encode information from images by moving from the 
more abstract to the more concrete, it is possible to reverse the process just before the final layers 
and move from the dense codification of an image (or a random list of numbers for that matter) 
back to an image again.

This is indeed the idea behind Generative Adversarial Networks (GANs) the core mecha-
nism inside AICAN, with the addition of a clever trick: every time a new image is generated 
from a random input vector by the generative network, another network (the discriminant) 
evaluates (classifies) the resulting image as valid or not depending on how real the image would 
look to a human. These two networks enter in a contest with each other in a zero-sum game. 
Every time the generator presents a new, more appealing candidate, the discriminator has also 
become better at the process of evaluation. For each misclassification, information about the dif-
ference between the generated image and a valid image is fed back to both networks. After many 
iterations of the training process, the images that pass the filter imposed by the discriminator are 
surprisingly natural looking, even to the point of deceiving the human eye.28 These GANs learn 
approximations of the meaning of visual features in their own way. Sometimes this resembles the 
human way of understanding things, while on other occasions it is basically senseless.29 AICAN 
is a variation of a GAN where the discriminator tries to assess whether generated images are 
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of artistic value. Certainly, the approach seems to have some validity since both the creators of 
The Portrait of Edmond de Belamy and the series Faceless Portraits Transcending Time have received 
acknowledgment for their work either in monetary form or as public recognition,30 either of 
which might meet the ambitions of the works’ creators.

Conclusion

In this chapter, we have shown how the curation of metadata is far from a burden imposed 
by library and catalogue practices, but rather is a process can generate fruitful and impactful 
research. The proper curation of data sets might eventually be leveraged to enrich the analysis 
of the content of catalogued images. This, in turn, could be used to build generative models that 
produce pieces of artistic value or, at least, to create new data and, therefore, new research ques-
tions for the digital fine arts. This process raises some interesting questions.

The first issues that arises is the question of authorship. It is not entirely clear to whom 
authorial credit should be attributed in the case of AI generated works. Should it be ascribed to 
the numerous training samples? To the designer of the GAN? To the person who simply uses 
the trained model to produce new artworks? To the computer artifact itself? To all of them? This 
latter case has important implications and might require re-examination of our theories of the 
self,31 of artistic identity, and of art market practices. The digital copyright wars of the 2000s 
could become insignificant when compared to upcoming battles against algorithmically gener-
ated content. Although writing in different contexts, some scholars have stated that knowing the 
author of a work “changes its meaning by changing its context [ . . . ,] certain kinds of meaning 
are conferred by its membership and position in [. . .] the oeuvre.”32 This might have the effect of 
deeming computational creations as mere “computer-output” instead of paintings by virtue of 
the simple fact that they are computer-generated.33 This perception often arises after discovering 
that the artwork in question is computationally generated, a point that affects its authenticity 
and hinders its aesthetic approval: The computer could generate new pieces endlessly with no 
human supervision or mediation.34 Furthermore, while every generated piece is presumably 
unique, the ontological issue is not reasonably addressed. As David Cope has argued, “the fact 
that human composers die, [. . .] has consequences for aesthetic valuation: someone’s oeuvre is 
valued in part because it is a unique set of works, now closed.”35 And for him this poses the 
question of whether we can identify the artwork, the uniqueness, behind the countless unique 
images that an artist’s program can generate.36 Do we have a theoretical framework to appreciate 
or measure these contributions? Do we need one or is it permissible to dismiss it, since humans 
cannot conceive of the infinite artist?

The further question arises as to the ontology of art itself. Does art need to reflect the 
inimitable experience of the artist? Does it need to be a manifestation of thought or emotion 
articulated in a particular medium? Does it need to manifest human creativity? Part of the praise 
for AICAN derives from the fact that it was considered, or labeled, as being more creative than 
regular generative adversarial networks. However, due to its unpredictable nature, the concept 
of creativity continues to be as hard to define as it has always been,37 which makes it a problem-
atic attribute to quantify and thus questionable to assign to machine outputs of any kind.38 This 
chapter has sought to highlight the fact that pictorial art, either human or machine created, can-
not fully escape either its predecessors (in the form of art’s histories) or assessments (of aesthetic 
merit and ontology) agreed upon by experts in fine arts communities. The latter is of the utmost 
importance if the creators of AI generated works seek recognition of some sort. Nevertheless, 
the infinite—computer—artist has come to stay and we should be grateful if it stimulates the 
imagination of its creators: human artists.
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Lastly, there is the persistent concern in all kinds of representational and statistical learning: 
intention. Computer generated art lacks a force that drives the creation of artworks. Ranging 
from monetary to altruistic motives, technical mastery to expressive desire, machines are not 
only unable to provide reasons for their decisions, but the processes that mediate creation remain 
opaque and deprived of interpretive or communication powers.39 And while these issues have 
deep consequences in other fields (for example, if misused in policing), in the context of art it 
gives the impression of emptiness or purposelessness. Perhaps, a new kind of art will emerge, one 
that can only be appreciated or deciphered by other machines, a true machine art, made for and 
by machines, with no humans in the loop.
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