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Foreword
Kenric McDowell and Eva Kozanecka, AMI

Artists + Machine Intelligence (AMI) brings artists and engineers together
to realize projects with machine intelligence. Founded in 2016 by Blaise
Agliera y Arcas, Distinguished Scientist at Google Al, the program
considers art and machine learning together, alongside the emerging
relationship between humans and machines.

What does art made with machine intelligence look, sound, and feel like?
What can we learn about intelligence, human or otherwise, through artistic
collaboration? How can art help us navigate the present and envision our
collective future?

As Al becomes part of our daily lives, we must enlist the help of artists and
philosophers in designing the technology and our relationships with it.
Artists know that a medium or material reshapes the person who uses it,
and artists are uniquely able to explore this bidirectional relationship with
the material of Al. In doing so, our collaborators bring out broadly applicable
insights about machine learning and how we might use it.

In this first non-technical introduction to emerging Al techniques, artist
Casey Reas explores what it's like to make pictures with generative adversarial
networks (GANs), specifically deep convolutional generative adversarial
networks (DCGANS). This text is imagined as a primer for readers interested
in creative applications of Al technologies. Ideally, readers will explore the
strategies of this emerging field as outlined, and remix them to suit their
desires. We hope to inspire future research and collaboration, and encourage
a rigorous discussion about art in the age of machine intelligence.






Introduction
Nora N. Khan

My first time writing about Casey Reas was for the Village Voice in 2016,
after seeing his fourth solo show at bitforms gallery. | was familiar with their
storied artistic and pedagogical practice, particularly as the co-creator of Pro-
cessing, a coding language taught around the world, with its own founda-
tion. | knew how many young artists cited Reas' practice as a touchstone,
a starting point for their own growing confidence in making artistic experi-
ments with code. | was further moved to learn that Reas’ overall intellectu-
al and artistic approach — open, generous, and inquisitive — matched his
dedication to making code accessible.

Back then, when | asked him about the code generating his software
paintings, he told me that the code itself was not interesting, but instead,
the focus was really the “ideas and systems defined through the code.”
This imperative, that we try to then articulate those ideas and systems,
stayed with me. As a critic, the task of locating the ideas embedded within
Reas' Still Life (RGB-AV A), its waves of countless pixels, was daunting.
The idea, it seemed, was to first pay close attention to one's own process,
as a viewer, of sifting, highlighting, framing, and attributing significance to
the output of generative software, executing rules we aren't privy to.

Four years later, | had the pleasure of editing this lucid, concise book by
Reas, within the context of Google's Artist and Machine Intelligence (AMI)
program. As a handbook, it is exceptional for its accessible walkthrough
of the process of training and using generative adversarial networks, or
GANSs, to create images, that are markedly unlike their source Images In
form and aesthetic. Reas has described his transitions to GANS a8 emeiq
ing from his practice of creating generative systems and software that



make videos and photos. While placing GANs firmly within this lineage of
photography, cinema, video, and software, Reas also suggests a new field
of aesthetic possibility and evaluative metrics made possible by GANs.

Reas has trained these GANs as sophisticated tools, used in hybrid
collaboration with his own intelligence. At the close of this book clearly
delineating the technical method of such production, he writes that the
resulting pictures should still yet be understood outside of being a product
of this process. This is a provocative close. The method and the system
are important, but even more critical is the subjective, interpretive space
they create for the viewer.

As the artist, Reas firmly takes ownership throughout this picture-making
process. He is declaratively uninterested in ceding authorship to the
system. In establishing his position on the perpetual question of author-

The artist remains architect, helping revise and define the GAN. The
resulting image’s qualities and their impact are made through this system
of aesthetic choices.

Reas describes his position within many existing, divergent methods of
training GANs, which have a wide range of evaluative measures—from
precise fidelity to intentional distortion. He and his studio carefully culti-
vate diversity in the training photos, working up to a carefully created set,
in some cases, of over 200,000 training images. These images might
be drawn from a film, such as Ingmar Bergman's Persona. Frames of the
film fed to train are adjusted, cropped, edited; objects and elements are
blurred or foregrounded. Reas insists on a mix of spontaneous choice,
taste, and craft needed to ensure there is desired diversity in the training
pictures, which has an impact on the generator network's coherence.

Even as this elegant text is unfailingly clear, Reas introduces several gray



areas of inquiry from which give us pause, and are jump offs for further
investigation.

Whether in photography or working with GANSs, the aim, for Reas, is “to
make compelling pictures.” We start to understand to what pictures made
with GANSs look and feel like, that the images generated are related to the
training images, but “unlike photographs and paintings,” Reas writes, are
“truly something new." The question of how, is where evaluative inquiry
first pauses. How, in fact, are they related and how are they new — in what
ways? And how does this quality of newness help us see the original set
of images differently? The standard terms of art and film criticism seem to
falter here, for how these images might be interpreted.

An answer might be found in closely examining Reas’ ongoing series

of video works and film stills, made from the outputs of his GANs. The
results feel more like abstract paintings in motion. As Reas notes for the
GAN trained on Persona, a highly cultivated diversity of interior shots,
landscapes and portraits give forth images from the latent space that are
landscape-skin “hybrids” and some, like the face of the main actress. The
GANSs' output of images, edited together suggest more of an atmosphere.
They form their own cinematic world.

Just as the artifice of film, with its structure and methods, create deeply
associative experiences, so too, do the GANs trained on them. The orig-
inal film’s symbolic references begin to emerge. A ghostly figure moves
up a hill. Awoman melts into a stream. A dais surfaces out of shadows.
The ghostly figure continues to ascend hills, confronting some unknown.
Candles are lit in a rich, brocaded interior. Patterns in textures coalesce
and collapse. Curtains are drawn. A hand hovers above an altar. We senso
the seasons passing. The figures melt into their backdrops and environ-
ments, melt into each other and cohere. Two people meet in solitude (o
exchange a message or feeling. Geological change: water lavels (s, the
land collapses. Fires are lit. We see the ghostly figure on the aumimilt



The GANS' results are moving. They call on a shared cultural knowledge

— whether of film history or myth. The scenes transition here according to
a deeper symbolic logic. We get to access a film (that a Reas-made GAN
was trained on) through a different lens, an underlying mood that pervades
the whole, beyond the narrative, plot, the characters or set design. The
visual tensions making up the symbolic world of the film emerge: of man
before nature and God, of duality and individualism, or of stable identity
against a mirrored shadow self. The eye roams over a loose system of
symbolic images that visually represent the dramatic, mythological, and
spiritual layers of the whole.

This brings us to the second gray area, that of the viewer's agency in inter-
pretation. Federico Fellini infamously wrote that he didn't believe “rational
understanding is an essential element in the reception of any work of art,
Either a film has something to say to you, or it hasn't.” In his estimation,
being moved trumped understanding any process. In the case of using
GANSs to make pictures, Making Pictures strongly suggests that the ratio-
nal explanation is also deeply critical. In fact, our rational understanding

of the process actually helps us enter how provocative this method of
image creation is. And with this understanding, we can linger, analyzing,
close-reading the image flow for symbols and meaning.

Another gray area is what Reas terms the “ambiguous psychological
space," created by the difference between the produced images and |
its reference images. Take Persona, which is in part about the collapse
of personalities, visually represented by the collapse of the two main
character’'s faces. Reas notes how the GANs' produced images allow us
further insight into this key scene. We have a new sense of how collapse
into another person might be visually represented, and felt. What are the
new unexpected textures and compositions that emerge, that tell us more
about this collapse? Reas invites us to try to imagine the latent space of
the original set, with a methodical patience. He asks us to see the whole
process and in doing so, take ownership. These are images, after all,



which we have rich language for assessing, describing, decoding. We are
cognitively primed to navigate any ambiguous psychological space, deploying
the “tools” and frames of narrative, historical context, and cultural cues.

A third gray area is the overriding cultural focus on the “"dream-like" quality
of GANs. There is a tendency to describe their output as subconscious
expressions of a network. Reas suggests we can assess this dreamlike
space with more rigor. The hybrid forms have a dreamlike quality, but their
distortion still depicts the world of the film, and are within legible reading.

| interpret the images as a mood or an atmosphere that | associate with
Persona. There could be an essence of a Bergman or Hitchcock film that
is conveyed in these hybrid images, a Bergman-esque, Hitchcock-esque
or Brakhage-esque quality that can be surfaced from their films' images,
their latent space.

Importantly, Reas’ walkthrough eschews any magical language or obfus-
cation. Making Pictures allows us to consider how one might use GANs

to create, to teach. The algorithm comes across as having a handmade
quality, a tool that is not static, but is refined, reevaluated. Within the
generator/discriminator relationship, one side refines and spots forgery
and a process of image refinement is undertaken over time. In the context
of artistic practice, this process, slowed down, helps us understand our
own agency in visualizing and interpreting. Here, seeing and replicating
with perfect fidelity is less interesting than coaxing unexpected images
from the latent space. The slow transitions allow us to see the field of all
possible images, sculpted down through a progression of chosen repre-
sentations, frames, angles, and compositions. The experience becomes a
microcosm of larger scale methods of shaping the world through systems,
by naturalizing patterns, hierarchies, and classifications.

Debates in the Al field are often couched in highly technical terms thal
can be illegible and difficult to access. This language can distance many
from feeling they have a stake in discussing Al and deep leaming, although



their capacities to predict, model, and recreate the world have wide scale
social and cultural impact. Making Pictures describes Al in a language
everyone can understand and engage through. In fact, without such a
careful, slow-paced delineation of the process, the Al space quickly becomes
one where ideology and power converge in the crafting of seductive illusions.
What's often termed the dreamy, uncanny, or surreal quality of GAN imagery
and machine learning's outputs, generally, becomes itself representative
of some obscure magic, rather than what we know of it: a process.of
identifying patterns, pulling out unexpected ones, and training, pushing,-
and pulling a model with careful curation of training inputs.

Moving through the new images with this concrete understanding, we
can read them with a vastly more critical apparatus. Many young program-
mer-artists today use ML systems to create sets of wild, provocative
imagery. But without their verbalized interpretation and framing of the
significance of this act, viewers may struggle to discern the significance,
as well. Questions remain for future artists training their own GANSs: is
the process itself—the release of a precious humanist dataset to train

a model—the most significant aspect? Is it the resultant psychological
space in which viewers try to interpret the meaning of the images? As
they embrace their agency in relation to these powerful tools, what new
images and patterns can be surfaced? The process, as Reas invites us
into it, is replete with chance and discovery.






[FIGURE 1] Picture created with a custom-trained
generative adversarial network (GAN).



Making Pictures with
Generative Adversarial Networks

In the twenty-first century, media that are thousands of years old are used
alongside new ways of making pictures that have only been possible for

a few years. At this moment, we might be at the start of a new paradigm
in making pictures with machine-learning software that will redefine the
visual arts to the extent that photography did so many decades ago.
Machine-learning software is different from photography, but there’s
enough in common to use it as an analogy. In the way that photography
was built through and within the sciences of optics and chemistry, so
these new media are rocted in computer science, within the domains of
machine intelligence and machine learning.' Artists don't need to understand
the sciences of lenses and chemistry in depth to make photographs, and

[1] The development of lenses for scientific instruments like telescopes led to camera obsotiras,
boxes or rooms to see the world reflected onto a surface through a lens. Photography used
these Inventions along with light sensitive materials to fix the Images to metal and then lals
to film.



artists don't need advanced degrees in computer science to work with
machine intelligence and machine learning. Machine intelligence and
machine learning are wide areas that allow artists to work with language,
sound, and pictures in new ways, but here, we are focused on making
pictures with generative adversarial networks (GANs), specifically deep
convolutional generative adversarial networks (DCGANSs.) A similar essay
could be written about many other pathways into the intersections of
machine intelligence and the arts.

| am motivated to offer a sense of what it's like to work with GANSs to create
pictures. If | were writing about photography, | would discuss what it is like to
make pictures with a camera rather than to explain how a camera technically
operates. If you are interested in GANs from a technical point of view, there
are plentiful resources online, and some are referenced in the Resources
section on page one hundred nine.

There are two discrete steps to working with GANs. The first is to traina
model, and the second is to generate images with the model. The model
is trained by providing a large set of reference images, typically tens of
thousands in number. After the model is trained, it can generate images
that are related to the reference images. For example, if a model is trained
on one hundred thousand photos of faces, it will generate faces or face-
like pictures. It doesn't generate pictures that are the same as any of the
reference images. Instead, the model synthesizes the reference images
into new pictures. This is what makes working with GANs unique. Training
a GAN on faces is only one example. A GAN can be trained on any kind of
picture. We'll dig into this by explaining the generative step first, and then
we'll move into the training.



Generative

The generative aspect of a GAN utilizes a model to create pictures. To
make the comparison with photography, we can also call the model an
apparatus. Within photography, the camera is the apparatus. The camera
apparatus controls the amount of light that comes through the lens, and
some cameras can control the focus of the lens. Within analog-film
photography, the light sensitivity of the film is a part of the apparatus; with
digital photography, this sensitivity Is that of the imaging sensor. To get
more technical, setting the aperture to f/2.8 and the shutter speed to /500
with an ISO setting of 200 will capture a different image than if the aperture
is changed to f/16.? Changing the physical mechanisms or the software
variables of the camera controls the image that is captured.

A GAN model generates pictures by inputting a list of one hundred numbers
between -1 and 1. For instance, if all one hundred numbers are setto O, a
specific picture will be produced that correlates to those values. If the first
number is changed to 0.1, a similar but different picture will be generated. If
all of the numbers are set randomly to values between -1and 1, a completely
different picture will be generated. New pictures are generated by changing
any of these numbers. Two similar but unique pictures will be generated
with sets of values that are similar. The more different the values, the more
different the generated pictures.

[2] The aperture is the hole that light comes through via the lens to reach the light sensitive film
or sensor. The shutter speed is how long the light is let in through the aperture before the shuttai
I8 closed.



For instance, these are the one hundred values that generate the picture

that is in the upper-left corner of (FIGURE 21:
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[FIGURE 21 Sample images generated from a DCGAN model trained on a black and white film.

These values can be visualized in different ways to see the numbers as
images. For example, it's easier to get a sense of these values by looking
at them as grayscale bars where the value -1is black and 1is white with
continuous gray values in between. When these numbers are converted
using a short Processing program, this is the resuilt:

B NN 1R e

To create new pictures from a DCGAN model, change the numbers and
generate again. The grid of pictures in tFIGURE 21 are generated by training a
DCGAN model on frames of Persona, a film directed by Ingmar Bergman,
and released in 1966. Some of the pictures are recognizable as the actors
from the film. Others are distorted beyond recognition, and cthers are
imore abstracted. Some pictures of faces don't feel like any of the actors

In the film; they are hybrids and new forms. Other generated pictures

nre uncomfortable combinations of landscapes and skin texture. These
Images have an uncanny and dreamlike quality. In general, images created



by GANs often have a surreal tone. In the case of the film Persona, these
distorted images depict the visual world of the film differently than the
original images captured through the camera lens. As the film progresses,
the distinct personalities of the two characters dissolve into an ambiguous
psychological space that culminates with the faces of each character
superimposed into a single visage. A subset of images created through the
GAN are an alternate way to imagine this essential aspect of the film.

A different DCGAN model, trained on another set of sample pictures,
produces other types of pictures, but the apparatus is the same. IFIGURE 31 is
a sample of pictures generated from a model trained on color scans of plants
gathered in Colorado as part of the Study for a Garden of Earthly Delights
series. From a set of fifty high resolution scans, one hundred thousand
pictures were cropped and used to train the GAN.

[FIGURE 31 Sample images generated from a DCGAN model trained on color scans
of plants.



To directly show the similarity, the numeric values below generated the

image in the upper-left corner of (FIGURE 31:
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This set of numbers can also be converted to grayscale values as an
alternate representation:

The knowledge that a set of numerical values between -1and 1map a
specific picture leads to new questions. Why do the numbers correlate to
specific pictures? How do precise changes to the numbers manifest as
changes to the pictures? Are all of the possible pictures similar to the
sample pictures, or do unexpected textures and compositions emerge?

R e



Latent Space

Until pictures are generated with a DCGAN model, there’s no way to know
what will be created. The list of one hundred numbers seen above is called
the latent vector, where the word “latent” means hidden. Each set of possible
values is a map to generate a unique image within the entire latent space,
the space of all pictures that can be generated from the model. We can
move—interpolate—through the latent space to reveal the pictures. The
latent space can be navigated at random to sample the entire space as
shown in (FIGURE 41, but it can also be navigated with order to generate a
series of related pictures. If the values are close together, the transitions
are smooth, but when the values are further apart, the transitions are more
abrupt, as seen by comparing [FIGURE 51 and [FIGURE 61.

IFIGURE 41 Selecting positions from the latent space with random numbers generates
unrelated pictures from throughout the latent space.

IFIGURE 51 Moving through the latent space with small changes made to the values
creates a slow transition.

IFIGURE 6] Moving through the latent space with larger changes made to the values than
[Figure 5] creates a faster transition.



When the images are sequenced in time, as in videos or animated GlFs,
moving through the latent space creates animation. Like with (FIGURE 51 and
[FIGURE 61, the space can be navigated either smoothly and slowly, or quickly
and erratically. It is also possible to move through the space in both ways

at the same time, and to choreograph these changes to create cuts and
slow transitions. Once the DCGAN model is trained, the way it is utilized for
animation is a result of choreographic and visual thinking. tFIGURE 71 and [FIG-
URE 81 show two options for moving through latent space and sequencing the
pictures to create animation. These videos frames are raw; they are created
directly from images generated by the trained model.

[FIGURET7] Animation created by exploring the latent space of the Persona DCGAN
training. See [Figure 2] for sample images from this model.






[FIGURES8]  Animation created by exploring the latent space of the Study for a Garden
of Earthly Delights DCGAN training. See [Figure 3] for sample Images from
this model.

The animation in t(FIGURE 91 is similar to that in tFIGURE 71, but each frame

of the animation was adjusted. They were blurred to remove artifacts of
the GAN, enlarged and converted to grayscale. Then, a small amount of
digital noise was applied. (FIGURE 91 points to the opportunity to continue to
work with the images after they are generated. Generating an image with
a GAN can be thought of as the start of another process, in the same way
that capturing an image with a camera is often only one step in the larger
system necessary for making a picture.



[FIGURE 91 Animation created by interpolating the latent space of the Persona DCGAN
training. Each frame of the animation was modified by changing the scale,
averaging the pixels, and adding noise.



The Ground Truth

In photography, selecting where to take photos and what to take pictures
of are major decisions; these may be the most significant decisions a
photographer makes. Are you like Gordon Parks shooting at a civil rights
rally, or like Barbara Kasten composing in the studio? The equivalent decision
in working with GANs is selecting which pictures to train with. Consider two
contemporary examples of working with different kinds of GANs: artist and
human computer interaction (HCI) researcher Harshit Agrawal, who trained
on sixty thousand pictures of surgical dissections for The Anatomy Lesson
of Dr. Algorithm; and artist Anna Ridler, who rendered two hundred ink
drawings to train for Fall of the House of Usher. Agrawal chose to place the
work in the tradition of paintings like Rembrandt’s The Anatomy Lesson of
Dr. Tulp, created in 1632, that renders the interior of the body with uncom-
promised detall. Ridler's work Is focused in a different direction, toward her
own ability to draw and to explore how the GAN analyzes her specific marks in
a different way to manipulate a medium that is “cold, sterile and algorithmic
to maintain and accentuate a sense of human touch.”

Creating these large sets of training images is one of the most time
consuming and challenging aspects of working with GANs. My experience
with DCGAN is that training with 128 x 128 pixel resolution pictures requires
tens of thousands of images. The best results have come from training
with one hundred thousand images or more. For instance, when training
the Study for A Garden of Earthly Delights GAN in IFIGURE 31, the process
did not work with five thousand images, as can be seen in [FIGURE101. The
generated pictures remained fuzzy and without clear structure; with one
hundred thousand sample images, however, the training worked well. The
generated pictures felt like examples from the sample pictures.

[3] As described by the artist on her website: http://annaridler.com/fall-of-the-house-of-usher/



IFIGURE 101 Examples of generated pictures from an unsuccessful DCGAN training, with
only five thousand reference pictures from Study for a Garden of Earthly
Delights. Compare this to [Figure 3], which uses the same kind of reference
pictures for training.

Once a set of pictures is ready, the training can begin. Depending on the
quantity of sample pictures, the parameters of the training, and the computa-
tlonal resources, the training can take between a few hours and a few days
or weeks. While the model is training, it is common to generate reference
Images at fixed intervals to see what is happening with the training.



Neural Network

Before discussing the idea of the adversarial part of the generative
adversarial network, it's important to introduce the idea of a network. Here,
the term “network” is condensed language referring to a neural network or
neural net. A neural network is a network of artificial neurons. The idea for
“neuro-logical” networks dates back to the 1940s.* The driving question was,
if the way the brain learns can be simulated by a machine, can a machine
learn like a brain? These ideas contributed to the formation of cybernetics

in which organic and electromechanical systems began to be integrated as
the study of “control and communication in the animal and the machine.”
Research into neural networks moved from theory to practical application.
Despite fallow years, the research is currently thriving.

The deep part of a deep convolutional generative adversarial network
means the network has more than three layers. The first layer passes
information to the next layer, which passes information to the next layer,
and so on. To be more precise, with a DCGAN model, the one hundred
numerical values (as seen above) are expanded layer by layer. If the model
was trained with 128 x 128 pixel images, the one hundred numbers eventually
expand to 49,152 numbers, which is calculated as 128 x 128 pixels x 3 color
values for the red, green, and blue components of each pixel.

[4] For example, see “A Logical Calculus of Ideas Immanent in Nervous Activity,” published in
1943 by Warren McCulloch and Walter Pitts.

[5] Norbert Wiener's influential book Cybernetics: Or Control and Communication in the
Animal and the Machine crystallized the domain of cybernetics.



For a machine learning researcher, the goal of training a GAN is to compare
the fidelity of a decoded image in relation to the original images in the
training data, and to see no distinct differences. For visual artists, the goal
might be similar, but they might also strive for differences between the
training data and the generated images. Along these lines, the crux of
working with GANSs after they have been trained is to manipulate the one
hundred numbers to coax unexpected images from the latent space, .
Images that are not clearly associated with the training pictures, (but which
feel like they are related to different degrees according to the aims of the
artist). A neural network can be used to explore and discover pictures that
are different from what the artist can create without them.



Adversaries

The innovation of GANSs in relation to other kinds of neural networks is

the adversarial strategy to train the model. This means there is a pair of
networks that are trained in competition with each other. One network is
named the generator and the other is the discriminator. The generator is
the part of the model that generates images from the set of one hundred
numbers, A common visual arts analogy refers to the generator as the forger,
and 1o the discriminator as the expert that determines the authenticity of
the image produced by the forger.® The discriminator/expert has access
to the picture created by the generator/forger as well as the sample pictures
in the training data. The role of the discriminator/expert is to declare if the
picture made by the generator is a “forgery” or not, and it only has two
options, to answer “yes” or “no."” The goal is for the generator to be so
good at creating “forgeries” that the discriminator can no longer reliably dis-
tinguish if the generated picture is one of the sample pictures or not. Over
time, the discriminator “guides” the generator to learn how to make pictures
that the discriminator can't detect as “forgeries.”

The generator and discriminator are adversaries, each trying to outperform
the other. They are both trained; they both “leamn” how to perform their roles.
What is the generator learning? What is it being trained to do? It is learning
to estimate the probability distribution of the data from the pictures in the
training set. The practical outcome of this is generating pictures that feel
like the training pictures, but don't exist within the training-pictures set. The
generator creates new pictures and the discriminator can't tell if they are
“real” or a clever “forgery.” The discriminator learns to be better at evaluating
the differences between the sample pictures and the pictures created

[6] This analogy was discovered through the paper “Generative Adversarial Networks: An Over-
view,” by Vincent Dumoulin et al.



[FIGURE T

Timelapse showing the development of the Persona DCGAN model from
epoch O to epoch 24. Each square area of the picture is the result of the
same set of one hundred numerical values fed into the GAN, but the picture
changes as the GAN is refined.



by the generator. The generator has access to the information about why
the discriminator thinks a generated picture is fake or not, and it uses that
feedback to correct itself.

The diversity of the training pictures has a major influence on the outcome.
If the images are extremely diverse, there's not enough of a pattern for

the generator to learn and the results are incoherent. Sometimes this is
desired and sometimes not. If the images are too similar or too few, the
model might not train at all, as seen in (FIGURE 101. The goal is usually to have
a balance between homogeneity and diversity in the training pictures. For
example, the pictures used to train the model featured in tFIGURE 31 had di-
versity of texture, shape, and color, but they all had similar organic form and
were flat, because they were all captured with a scanner. The pictures used
to train the model in (FIGURE 21 were more diverse, Consider the film that this
range of pictures was sourced from. Persona has two primary actresses,
who are filmed from every angle and distance from the lens. Furthermore,
the film includes portraits, landscape, and interior shots. Because of this
greater diversity in the training pictures, there are more uncanny hybrids in
the generated pictures. Some locations.in the latent space look strikingly
like Bibi Andersson, one of the actors, and other locations reveal themselves,
With closer analysis, as hybrids of skin texture and landscape form. To train
using captures from Persona, each training picture was a cropped enlarge-
ment of each film frame, to increase the diversity of the images. When each
frame was used “as is" for the training, there wasn't enough diversity to train
the model.

When the training is finished, how is it evaluated? What does a good
training mean? | think this qualification is ultimately defined by the artist.
Some artists seek and desire fidelity, while others seek a specific kind of



[FIGURE12]

Timelapse showing the development of the Study for a Garden of Earthly
Delights DCGAN model from epoch O to epoch 24. Like with [Figure 11],
each square area of the picture is the result of the same set of one hun-
dred numerical values fed into the GAN, but the picture changes as the
GAN is refined.



distortion. There are, of course, divergent goals for craft within each form of
the visual arts, from painting to sculpture to photography. The same is true
in working with GANs. One person’s idea of a poorly trained model might
be another’s desired result. The aim is to make compelling pictures, not to
demonstrate technical ability.



Process

The agency of an artist working with GANSs is in selecting the training
pictures, defining the parameters of the training, and editing the generated
Images. Much as in photography, there are often hundreds or thousands
ol pictures to work with at some point in the process. Unlike in photography,
there aren't a fixed set of frames with GANSs, It's nearly always possible

10 Interpolate between pictures to generate something in between, or to
push and pull a picture into different directions because the latent space
I8 continuous.

Alter pictures are generated from a trained GAN model, what happens
next? Is there another step of further transformation and refinement? If |
am working with black and white chemical photography, it is time spent
In the darkroom enlarging, cropping, dodging, and burning. With digital
photography, it is time spent with software modifying the values of pixels.
What is the equivalent when working with GANs? So far, in my experience,
Ihe process is more like working with digital photography than anything
slee. | spend time in image editing software changing the color balance,
onlzing images, and cropping them.

Lne can also use GAN pictures as reference images, rather than as the end
onult, Like painters who use photographs as source images, GAN pictures
an be the start of work to be completed in another medium. For instance,
it marly as the end of the nineteenth century, the eminent American painter
Ihomas Eakins used photographs that he took as references for his most
well-known paintings.

| Ikes overy medium, GANs have limitations. You might have noticed that the
majority of the figures in this essay are square and low resolution; these are
Ihe defaults. Pictures generated with a DCGAN model have a shockingly



[FIGURE13] Picture created with a custom-trained generative adversarial network (GAN).



low resolution by current standards. It is easiest to train a GAN to work with
images that are 64 x 64 pixels. It gets more difficult as the dimensions
Increase. So far, in my studio, we've managed training with 128 x 128 pixels
and we plan to soon make tests with 256 x 256 pixels. There are other
kinds of GANs built for enhancing resolution. Pioneers like Mario Klingemann
and Mike Tyka connect the input of one kind of GAN to another, to increase
the resolution. The ability for GANs to work with larger images is quickly
developing. Within a few weeks of writing this, there will likely be new methods
and available code. This is a rapid area of research and there are regular
research breakthroughs published as new papers with associated code
that make it possible to work at higher resolutions and to create images
that feel less artificial. This work is technically challenging, but | am deeply
engaged with the new forms of pictures made possible by working with
GANSs. In the studio, we meet the technical challenges as needed to focus
on the pictures.



Pictures

New types of art and new ways of thinking emerge from new technologies.
Software as a medium for visual art grew out of video, which was developed
from the moving-image space of film and prior to that, from photography.
Each new medium defines new paths for exploration that absorb estab-
lished media and imagine something new. As emerging media develop,
the influence becomes bidirectional. As a simplified example, think about
how printing presses changed the form and economy of the book, which
later led to new forms of writing, distribution, and wider ideas about literacy.
Here, the focus is on GANs and at this point, we don't know what kind of
impact they will have on the visual arts and culture at large. At this early stage,
it's convenient to discuss photography because knowledge of photography
is widespread and it's a bridge to the unknown space of GANs. They will
likely evolve so this comparison will be less applicable.

There are always questions about authorship when software is involved in
the creation of work, and these questions are accelerated when machine
intelligence and machine learning are involved. Questions ripped from
the headlines of the day such as “Can Al be creative?" and “Is the Al the

My own abilities and | maintain complete authorship. My engagement is
with the fundamental ideas, and with the ability for the software to assist
in creating pictures. The pictures are the complete focus. Ideally, they can
be approached and interpreted outside of the orbit of any specific method
of production.






