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Introduction

Can a non-human entity autonomously create art? A foundational motivation for this curiosity

was the development, around 2018, of several machine learning systems that allowed for the

generation of original and unique two dimensional visual artworks which could replicate any

given artistic style.

Revisiting the research proposal, I realize how short I fell from using some of the theoretical

tools I intended to use - complexity, self-emergence, and their foundations on

thermodynamics. When faced with the actual mechanisms used in artificial intelligence, the

investigation had to deviate into the historical and current frameworks that are invested in

creating autonomous entities. On the other hand, it is satisfying to see that the research

question only became more relevant in the years that the doctorate took place. Finding the

poetics of autopoiesis in artificial generative systems became an increasingly more rewarding

task, in that the configurations of such systems became more complex, incorporating

exquisite linguistic features and challenging societal issues.

It is not far-fetched to state that this research was run over by the vertiginous evolution of

generative artificial intelligence in these four years. I hope this can justify the fact that the

manuscript spans over topics so varied. In the first chapter, "Backgrounds", I make a

necessary incursion into the history of AI. I delineate the historical precedents for building

artificial creative contraptions - which end up embracing a quest for a symbolic

representation of thought, which in its turn turned into the appearance of computing

machines, and finally into the very concept of artificial intelligence. This account is built with
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foremost attention to visual manifestations. Throughout the chronology, the entanglements

between automation, autonomy and art are also documented.

Chapter two, entitled "Generative Visual AI", looks into the main landmarks in last decades'

evolution of computer vision and generative visual AI. This led me to introduce a seminal

concept discovered in the fabric of the research, the autopoietic aesthetic arrangement. The

chapter finishes by introducing the groundbreaking linguistic turn of artificial generative

visual systems. 

Chapter three, "Artificial General Intelligence" faces the difficult subject of an artificial general

intellect, a construct that presupposes the emergence of entities with a cognition

comparable to humans. The importance of the subject stems, naturally, from this being an

insurmountable requirement to envision an autonomous artist on pair with its human

counterparts. Orbiting concepts such as surprise, cognition and agency are also presented.

The following chapter, "Arrangements around autonomy and language", looks into

experiments around autonomous artists, and delineates my own explorations in language,

meaning and the latent space of image generation prompt from text. An inquiry into some

tools of semiotics and the philosophy of language, reveals that these theories deserve

careful revisiting in face of the new configurations offered by language-based models. In

"Aesthetic Issues" I introduce findings around the training of such models, as well as

implications for copyright and the role of human artists, in special illustrators. 

It is paramount to note that all of this is done in a context of artistic research. For a good

overview on the potential and issues of such a framework, Wilson and van Ruiten's
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Handbook for Artistic Research Education is a good reference. (Ruiten and Wilson 2013)

Henk Borgdoff proposed three relations between art and research. (Borgdorff 2006)

"Research on the arts" sees art as an object to be studied from a distance. "Research for the

arts" would be the applied investigation that results in new methods and tools, such as

"particular alloys used in casting metal sculptures". Finally, "research in the arts" would be

the approach where "the artistic practice itself is an essential component of both the

research process and the research result." The separation between subject and object is

obliterated; the artwork informs the research and is informed by the author's curiosity. The

works described in this thesis might sometimes serve the second definition, by proposing

and sharing methods to incorporate autonomous practices into generative systems. But their

ultimate goal is to be incorporated into the thesis as the evidence that demonstrates a

concept, a subjective but informative epistemological component.

As such, theoretical delvings are accompanied by a hands-on creative approach on both

historical and state of the art applications of the theory. These artistic components

manifested themselves mainly in two events: the Singular exhibition on the 2021 Uniarts

Helsinki Research Pavilion, which took place at the Hietsu Pavilion in Helsinki, and the 2022

Paradoxes of Photography exhibition, held at the Finnish Museum of Photography in Helsinki.

In the first exhibition, the works Photosynthesis, Crank of Life, AIku and Post-colonialism

were displayed. A fifth work, Slaughterhouse, was part of the show but was not included in

the thesis frame. The latter exhibition brought the piece Supervision, the last of the artistic

components belonging to the project. Even if the artworks pertaining to the thesis are

documented in the research catalogue, their textual descriptions and relations to the

research are woven into the manuscript, where I try to situate them within a historical and

motivational context.

https://researchcatalogue.org/
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This is a project that on several levels was only able to scratch the surface of the issues at

hand. The dismissal of the original theoretical framework around emergence says nothing

about its usefulness to tackle the subject. On the contrary, the investigations on semantic

imaging and autopoietic arrangements point to a huge potential for exploratory production

based on complexity theories. The difficulty in relating philosophies of language to the text to

image models only show that there is much more work to be done. The explorations of

semiotics in latent space have just begun. And finally, the fact that the evolution of machine

learning doesn't seem to be slowing down in the near future makes such probes imperative.
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Backgrounds

From verb to thing, command to action. The history of technology is also a history of

achieving automated means of production, to ease the burden of performing tasks necessary

for survival. But surviving is not the only goal that defines us as humans: we also want to

belong, leave traces, enjoy and appreciate our particular interpretations of beauty. And these

tasks can also be made easier or more sophisticated by machines.

In this section, we will look into the background of artificial intelligence tools that support the

development of generative arts. While there is a long history of man-made contraptions to

support the creation of fine arts, we will focus of course on the resources made possible by

computer science, in particular the field that is known as artificial intelligence.

Automation in antiquity

As the science of creating machines that learn and create from data becomes more and

more complex, Artificial Intelligence is becoming increasingly difficult to define. For most of

the subjects covered in this work, the concepts of machine learning or deep learning could

also be used. No matter how we denote these concepts, their current development is so fast

that their naming could be obsolete in a year or two: from the beginning of this research in

2019 until the time of its publication, the focus and breadth of AI systems dedicated to the

production of graphical material has changed considerably. 
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It could be stated, in any case, that the idea of simulating the workings of human imagination

and reasoning has started with the idea of creating machines that can make calculations.

There exist examples of devices that help with arithmetic tasks since prehistory. The Incas

used a calculating device named Yupana, which consisted of a clay table with different slots

where grains of different colors were used. Only a few examples of Yupanas were found, but

one early account on the cultures of the Andes depicts one in its cover. It was written around

1615 by the indigenous Peruvian Felipe Guaman Poma de Ayala. Unfortunately the writer

didn't provide details of its workings, and the method used for operations performed on this

board is still a matter of discussion. (Moscovich 2016) Another device named Quipu was

used by Incas to store numbers on knots made on several strings sewn together. (Leonard,

Shakiban, and Yupana n.d.) In the west the abacus was widely adopted since its appearance

more than 4.000 years ago, even reaching China and finally Japan in the 14th century of our

age. (Gullberg 1997) Mechanisms meant to measure position and astronomical information

were devised in ancient Greece, like the astrolabe and the antikhytera mechanism. (Freeth et

al. 2006) But the versatility of biological brains could not be replicated until programmable

computers came about. An early example of a programmable machine is also one of the first

documented inventions meant to be used in the arts.

Hero of Alexandria was an engineer, inventor and geometrist who lived around the first

century A.D. in Egypt. Although very little about his personal life is known - not even

approximate dates of birth and death - he left very detailed volumes which details his

creations. These include pneumatic mechanisms, measuring devices and war machines. In a

book aptly named Automatopoietica, Hero proposes a mechanical theater. Figurines  -

sculptures - of the characters move on a small stage, activated by a system of gears and

pulleys powered by dropping weights. (Xagoraris and Piene 1991)
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Hero's theater automaton. From (Xagoraris and Piene 1991)

Although there is no sign of what would be called intelligence here, what is relevant for this

research is the emergence of a programmed machine. A series of actions is performed

automatically, following a score. The method is similar to what generative art algorithms do,

even if results are quite different: Hero expected the performance to be the same every time,

while computer artists of our times hope for unexpected output through the use of

randomness and artificial intelligence. Most importantly, the programming of the play could

not be changed. Such type of automation would also appear in the "Book of Ingenious

Devices" published in 850, by three brothers known as Banu Musa, who were working for

Abbasid Caliph in Baghdad, present day Iraq. (Banū-Mūsā, Hill, and Banū-Mūsā 1979) They
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describe devices such as automatic water fountains and mechanical musical instruments.

One of them, a water-powered flute, could be considered the first programmable device,

since different melodies would be produced by the use of different rotating drums. Another

manuscript with such a device would only appear in the 14th century in Catalonia, a musical

carillon controlled by a crank. Later in the same century, the development of automatic

carillons became common in Europe, and many of them could be programmed. (Koetsier

2001) Again, the early origins of automation are associated with the arts, this time with the

execution of a musical piece.

Artistic and symbolic contrivances

Understanding where our fascination with automation comes from could easily be the

subject of a whole investigation of its own.  But one of its motivations could be the

perspective of a workless society, where we wouldn't have to fend for necessities like

nourishment, housing, entertainment. In a utopian perspective, machines could take care of

this and leave humans "free" from the burdens of survival and finally ready to enjoy a life

without responsibilities. The notion is challenged when we look at nature: can we use the

word effort to define the growth of a tree, nourished by nutrients and sunlight? How about

pre-agricultural societies, living off what can be gathered? These concepts will be explored

further when discussing autonomy both in nature and in machine, or in nature as a

self-evolved machine. The idea of automation is so enticing that a fake chess playing

machine made in the late 18th century became enormously famous, being presented in

several fairs and courts. The Automaton chess-player was a model of a human head and

torso seated in front of a chess board, built by Wolfgang von Kempelen in 1770. It became

known as the Mechanical Turk, as the figure wore a turban and portrayed stereotypical
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middle eastern traits. The model was actually controlled by a human hiding inside the table;

an intricate system of sliding seats allowed the presenter to open several doors that would

reveal fake mechanisms while hiding the actual operator. (Standage 2003) It was a time when

such machines abounded, motivated by advances in clockwork machinery. The models

made by Pierre Jaquet-Droz, a watchmaker from Neuchatel, Switzerland, were particularly

complex. One of them could write messages of up to 40 characters, stored on a letter dial. It

can be considered one of the earliest examples of mechanical memory. Jaquet-Droz also

made music playing devices, like automated flute-playing boy figures (Nahum 2017)

But the idea of an artificial chess player is so seductive that it persisted through the centuries

in different ways. On one hand, the challenge of having a machine beat a human at chess

was one of the inspiring goals for computer science. It came to be achieved in 1997 when

Deep Blue, a system comprised of special hardware and software designed by IBM, beat the

human chess champion Garry Kasparov. (D. Clark 1997) On the other hand, the name

Mechanical Turk was ironically adopted by Amazon when they created a service for hiring

remotely located humans to perform massive distributed tasks that computers could do. This

product (and its competitors) became one of the driving forces behind the giant leaps in

machine learning that occurred in the 2010's and will be covered later.

While the fake chess player was touring around Europe, efforts were being done to build

actual computing machines. Making mathematical computations was always seen as one

those tasks we wished became automated, and several contraptions were invented to

facilitate these chores. Scottish mathematician John Napier published a multiplying machine

based on rotating rods in 1617, which helped him publish logarithm tables. Blaise Pascal

came up with a design in 1642 that became known as pascaline and could do additions and
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subtractions. In 1804, Joseph Maria Jacquard invented a loom that could be programmed:

different patterns of weaving would be determined by the use of punched cards. This input

method would become a standard for machines, including electronic computers, almost into

the 21st century. 

Napier rods (By Stephen Dickson,
CC-BY-SA-4.0)

Pascaline (Public domain)
Jacquard loom (By George
Willams, CC-BY-SA-3.0) 

A design for a multipurpose programmable engine finally appeared in England in the 19th

century. Mathematician and inventor Charles Babagge had first conceived a mechanical

calculator (the Difference Engine) meant to produce tables of logarithms (like Napier's) and

trigonometry functions. While this engine was being built, he realized he could design a

machine that could be programmed to perform any calculation. (Collier, Bruce 1998)

This project incorporated many features that can be found in today's computers. It could

store about 1000 40-digit numbers. This data could be transferred to the "mill", what would

be called today a central processing unit (CPU), and could perform different operations on

the supplied numbers. It could also control the flow of data with logical tests - today's

programming languages if-then statements. Three different models of punch cards were

used for inputting constants, arithmetical functions and memory operations. Babbage wrote

https://commons.wikimedia.org/wiki/File:An_18th_century_set_of_Napier's_Bones.JPG
https://commons.wikimedia.org/wiki/File:Pascaline_calculator.jpg
https://commons.wikimedia.org/wiki/File:Jacquard_loom,_6_of_6.jpg
https://commons.wikimedia.org/wiki/File:Jacquard_loom,_6_of_6.jpg
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several procedures for his device, including programs to treat polynomials and find Bernoulli

numbers. (A.G. Bromley 2000; Allan G. Bromley 1982)

Babbage's designs were not finished during his lifetime. In fact, a working Difference Engine

specimen was only completed in 1992, while the Analytical Engine remains unbuilt until

today. It was, in any case, the first concept of a programmable machine, and as such it

allowed for the appearance of who is considered the first programmer, Ada Lovelace. This

young mathematician became aware of Babbage's devices through her tutor and friend Mary

Sommerville. Fascinated by the invention, Ada translated an article about it from Italian to

English and added her own notes, which are three times as long as the original article. In one

of these notes, labeled "G", she describes a method to generate Bernoulli numbers - a

difficult to compute series based on the powers of integer numbers - using the engine, which

is considered to be the first program written. The claim is disputed, since Babbage himself

had previously written similar methods for his machine. However, in the same note, Lovelace

makes almost by passing an observation that became known as the "Lovelace objection"

against artificial intelligence:

"The Analytical Engine has no pretensions whatever to originate anything. It can do

whatever we know how to order it to perform. It can follow analysis; but it has no

power of anticipating any analytical relations or truths." (A. A. Lovelace 1843,

666–731)

Ada Lovelace had a background of interest in arts and poetry. Her concern in speculating on

the ability of such a machine to originate new works is understandable: she was the

daughter of poet Lord Byron, and even if her father abandoned the family months after her
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birth, she was used to the company of writers and scientists. (A. K. Lovelace and Toole 1998)

The discussion of Lovelace's objection is taken by several scholars; it is also central to this

thesis and will be tackled later on. It is worth noting that the notion of to originate is

problematic even for humans, since we also rely on the weight of culture and previous

achievement to produce new things: there is no completely original "origination". There is the

issue of agency, which might be the closest interpretation of the mathematician's concerns,

since machines wouldn't take the initiative of producing anything unless programmed to do

so. And finally there is also the notion that machines shouldn't even be compared to

humans, and that if we consider them as having their own particular cognition, they originate

things in their own ways, some of them which are out of reach for biological-based beings.

Other contraptions that meant to perform calculations were planned and built after Babbage.

Percy Ludgate, in Dublin, Leonardo Torres y Quevedo, in Madrid, and Vannevar Bush in

Boston, developed independent models of analog computers in the early 20th century.

(Randell 1982). But the biggest push towards calculating machines came with the Second

World War and the need to decode cryptographic messages. In England, a facility was

established in a country home named Bletchey Park with the main purpose of supporting

military intelligence. This center operated machines named bombes, hard-wired calculators

that facilitated the codebreaking of German Enigma machines. The Colussus machine, often

considered the first programmable electronic computers, started operating from there in

early 1944. (B. J. Copeland 2006).

Representing reasoning

In parallel to the history of hardware for automation and thought, and certainly not less

important, is the evolution of formal systems meant to create abstractions for reasoning.
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These developments are a very interesting side companion of the history of mathematics and

philosophy itself. If we want to create a machine that thinks, we must develop a method that

replicates human processes of deduction and reckoning. This was appreciated

simultaneously in different cultures in the first millennium BC. Aristotle's work Prior Analytics,

thought to have been written around 350 BC, describes what he named as syllogisms: or "All

men are mortal. If Socrates is a man, then Socrates is mortal" or "if every A belongs to B and

every B belongs to C, then every A belongs to C". In the Indian philosophy system Nyanya,

described as early as 450 BC, inference is one of the paths to knowledge. (Nyaya | Indian

philosophy | Britannica n.d.) Also in India, a Sanskrit grammar was written in the sixth century

BC that provided thousands of rules and used recursion and metarules, the Aṣṭādhyāyī,

written by scholar Pāṇini.  (Cardona 1997) The Mohist tradition in ancient China, which was

very influential during the Warring States' Period, developed concepts of contradiction and

expression evaluation (Willman 2021).

Middle eastern tradition greatly expanded the works of Aristotle. Alfarabi (born in 950),

Avicenna (born in 1037) and Averroes (born in 1198) criticized and adapted Greek logic to

Islamic principles. Al-Khwarizmi was a mathematician working in Baghdad in the eighth

century AD, whose westernized name gave origin to the term algorithm. The title of his book

Hisab al-jabr w'al-muqabala named the science of Algebra. Different step-by-step methods

for solving mathematical tasks are described in this treaty. Similar methods, however, had

already been described as early as in Babylonian times, in clay tables dating to 1800-1600

BC. (Knuth 1972)

Development of reasoning systems continued sparsely in the west. Mallorcan philosopher

Ramon Llull (1232-1315) devised combinatory logical systems for the production of
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knowledge, where letters and diagrams were matched to provide answers to questions. (Eco

2017) Llull's work was read by Gottfried Leibniz (1646-1716), who believed that human

thinking could be expressed by a system analog to mathematical formulas:

"The only way to rectify our reasonings is to make them as tangible as those of the

Mathematicians, so that we can find our error at a glance, and when there are

disputes among persons, we can simply say: Let us calculate [calculemus], without

further ado, to see who is right" (in The Art of Discovery) (Leibniz and Wiener 1951, 51)

Leibniz worked on formal logic, defining concepts like sets, empty sets, negation.

However, his writings on the subject remained published until the 1840's, when modern

foundations of logic were already being settled by George Boole in his Mathematical Analysis

of Logic (1847). Boole's symbolic logic - which was rectified in a later work in 1857 - became

known as Boolean algebra, which forms the basis of modern electronic circuit design and

computer programming languages. In the core of this algebra is the manipulation of binary

symbols - 0 and 1, or  false and true. The basic operations on these symbols are conjunction

(AND) , disjunction (OR) and negation (NOT). Conjunction is defined as returning a true value

if both inputs are true, for instance. Negation returns the opposite value  - 0 when 1 is the

input, true if the input is false.

A secondary boolean operation known as exclusive disjunction (XOR) became the pinnacle

of a discussion regarding the potential of neural networks in the early seventies, as we will

see later. XOR is defined by outputting true if one and only one of the conditions is true, and

false if both conditions are true or false.
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x y x AND y x OR y x XOR y

0 0 0 0 0

0 1 0 1 1

1 0 0 1 1

1 1 1 1 0

The research on a symbolic system for reasoning continued, in parallel, in the production of

Gottlob Frege (1848-1925). In the book Begriffsschrift (1879), the German philosopher lays

out a formal system by the same name as the title, which can be translated as concept

writing, in other words, a notation system for ideas.

Charles Sanders Peirce, American mathematician and philosopher, also worked on the

foundation of mathematical logic for symbols. He expanded on Boole's work (Charles S.

Peirce 1865) and developed much of formalization of logic simultaneously and unaware of

Frege's efforts. But Peirce also speculated on the nature of thought itself: how do we deduce

new facts from known ones? How can we make new inferences from a heterogeneous

corpus of knowledge? Peirce formulated the concept of abductive reasoning, which is still

used when trying to get machines that imitate human thought. (Charles S Peirce 2019) We

will go now briefly over the different types of reasoning as they are important for the study of

artificial intelligence.

Deductive reasoning is what we could call the most "logical", and was already described by

Aristotle:

All X are Y
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All Y are Z

Therefore, all X are Z.

Or:

All wizards can fly

Harry is a wizard

Therefore, Harry can fly.

Inductive reasoning allows us to create reasonable deductions which are likely to be true, but

not guaranteed. For instance, a pattern is observed on a large sample of the population, and

we infer that it applies to the whole population. Suppose I visited a new place for a week,

and I noticed that birds sang every day at sunrise. Therefore, my conclusion is that the birds

in this place always sing at sunrise. But my observation can not guarantee that.

To perform what Peirce defined as abductive reasoning, what is needed is a body of

evidence that might explain a phenomenon. Again, this can't be used as a proof - other

explanations might also be valid. Abduction is used extensively in the medical field, when a

set of symptoms adds up to a diagnosis that might not be conclusive. It is a type of

reasoning that relies on accumulating knowledge and experience, whether it be

systematically or intuitively organized.

Another important piece of Peirce’s work is an axiomatization of natural numbers, that is,

creating a set of principles that cannot be proved, but that will work as a foundation upon

which a complete mathematical science can be built.
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The research on symbolic reasoning continued in the late 19th century, as it became a

popular topic somewhat. Lewis Carroll, notable for the Alice in Wonderland children's book

series, was also a mathematician concerned with describing symbolic logic in a way that

would be accessible to the general public. His Symbolic Logic volumes (1896 and 1977) were

written with this goal, but also proposed original methods such as the truth tree, a

procedural method for propositional logic.

In the late 19th century, Italian logicist Giuseppe Peano formalized some basic axioms, in

particular the natural numbers. (Peano 1889) Peirce had also proposed a method with the

same goal, (C. S. Peirce 1881) but the Italian's approach is what became the standard in

modern mathematics. As the corpus of mathematical systems for reasoning grew, it made

sense to attempt to summarize and systematize these findings. Alfred Whitehead and

Bertrand Russell Principia Mathematica, a three-volume book published first between 1910

and 1913, was an effort in that sense. Principia was an ambitious endeavor aimed to prove

that all mathematical propositions could be deduced from a small set of principles - the

axioms provided, for instance, by Peano. Being axioms, Russell naturally doesn't claim that

the small set can be proved: "... the explanation of the fundamental concepts which

mathematics accepts as indefinable (...) is a purely philosophical task". On the contrary,

these formulations must be accepted without proof: they are the scaffolding from which the

building of mathematics can be erected. The Principia became a landmark in the

development of formal mathematics, supporting crucial computational works from Turing

and others, even if flaws might have been detected in its theory. (Linsky and Irvine 2022) 

One of the greatest consequences of their effort was the questioning of the idea of trying to

prove the whole of mathematical theory. Are we really proving anything, if in order to do that
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we must start with unprovable axioms? This was one of questions raised by the German

scholar David Hilbert in a speech in 1900 in Paris, where he described ten problems that

were later published as part of a list of twenty-three unresolved problems in mathematics.

(Hilbert 1902) In what became known as Hilbert's second problem, he asks:

When we are engaged in investigating the foundations of a science, we

must set up a system of axioms which contains an exact and complete

description of the relations subsisting between the elementary ideas of

that science. ... But above all I wish to designate the following as the

most important among the numerous questions which can be asked with

regard to the axioms: To prove that they are not contradictory, that is, that

a definite number of logical steps based upon them can never lead to

contradictory results. In geometry, the proof of the compatibility of the

axioms can be effected by constructing a suitable field of numbers, such

that analogous relations between the numbers of this field correspond to

the geometrical axioms. ... On the other hand a direct method is needed

for the proof of the compatibility of the arithmetical axioms.(Hilbert 1902,

437–79)

The question has interesting unfoldings for artificial intelligence developers. If it can be

proved that the axioms of arithmetic will never be contradictory, by the use of these very

axioms, then the system itself is self-provable, or complete. If a system can self-regulate

itself without external, pre-defined, premises, it obtains a kind of autonomy. But for computer

science, being able to self-formulate the rules of a system remains a paradox. After all,

software is nothing but a set of instructions. I could write a program that writes its own rules,
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but this would mean simply to create an overlapping set of rules that will define those. Would

computer scientists be able to get away from this recursive loop, this closed chain of

command?

At least for mathematics, the answer has been negative. This is the result of the investigation

made by logicist Kurt Gödel in his Incompleteness Theorems, originally published in German

in 1931:

The most comprehensive formal systems yet set up are, on the one hand,

the system of Principia Mathematica (PM) and, on the other, the axiom

system for set theory of Zermelo-Fraenkel (later extended by J. v.

Neumann). These two systems are so extensive that all methods of proof

used in mathematics today have been formalized in them, i.e. reduced to

a few axioms and rules of inference. It may therefore be surmised that

these axioms and rules of inference are also sufficient to decide all

mathematical questions which can in any way at all be expressed

formally in the systems concerned. It is shown below that this is not the

case, and that in both the systems mentioned there are in fact relatively

simple problems in the theory of ordinary whole numbers which cannot

be decided from the axioms. (Gödel 1992, 174)

Therefore, mathematics cannot prove itself, and will require some external rules - axioms - in

order to build the scaffolding it will be based upon. And if computers are contraptions which

are based on the same rules of abstract logic as mathematics, can we extrapolate this
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requirement to state that computers will always need some external rule - a program, and

with it, a programmer.

At this point in the history of abstract symbols, automated machine math was still a pipe

dream. But it is exactly this provocation by Gödel which will jumpstart the development of

computers, as a young mathematician imagined a method to disprove another problem

posed by David Hilbert.

Towards algorithmic art

The early twentieth century was not only prolific in new mathematical concepts. Artists were

also pushing the limits of accepted support, proposing new expressive configurations. When

Duchamp sent a urinal to a show in New York in 1917, he moved the focus of artistic skills

from piece-making to concept-making. To use his terms, art should speak less to the

"retinal" and more to the mind.(Judovitz and Duchamp 2010) To use a computing paradigm,

Conceptual art is closer to software than to hardware. It happens in the realm of the ideas,

where the concept is formed, to only later become a physicality that reflects it.

New steps towards algorithmic art were then proposed by participants of the Dadaist

movement. In To Make a Dada Poem, Tristan Tzara offers instructions in the structure of a

programmatic procedure:

Take a newspaper.

Take some scissors.

Choose from this paper an article of the length you want to make your

poem.
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Cut out the article.

Next carefully cut out each of the words that make up this article and put

them all in a bag.

Shake gently.

Next take out each cutting one after the other.

Copy conscientiously in the order in which they left the bag.

The poem will resemble you.

And there you are – an infinitely original author of charming sensibility,

even though unappreciated by the vulgar herd. (Tzara 1920, sec. VIII)

Man Ray's piece Object to be destroyed (1923), a metronome with a cut photography of an

eye on its balancing arm, also contained detailed instructions in the back:

Cut out the eye from a photograph of one who has been loved but is seen

no more. Attach the eye to the pendulum of a metronome and regulate

the weight to suit the tempo desired. Keep going to the limit of

endurance. With a hammer well-aimed, try to destroy the whole at a

single blow. (Dreher 2005, 2)

Without the instructions, the piece would be incomplete, as the destruction proposed in the

title would remain as a loose provocation. In 1957, a replica made by Ray on display in Paris

was in fact destroyed by a crowd of protesting poetry students. (The Theater: Battle of the

Nihilists 1957)



27

Such examples cannot be considered as the first to represent artistic expressions as

procedural instructions. Hero of Alexandria's contraptions necessarily needed some

structure that stored their progression of movements. The first forms of music notation date

from ancient Mesopotamia, and they are also a representation of how to play notes in a

sequence, deriving from the impossibility of registering the actual execution of songs until

the late nineteenth century. But Tzara's instructions incorporate an element of randomness

which wasn't consciously present in these previous cases.

Turing and the machine for mathematics

Hilbert continued to work on the most fundamental questions of mathematics for many

decades. In fact, Gödel’s solution was not written in response to the original twenty-three

problems, but to the first question of a summary made by Hilbert at the International

Congress of Mathematicians in Bologna in 1928:

"(a) Is mathematics complete, in the sense that every mathematical

statement could be either proved or disproved?

(b) Is mathematics consistent, in the sense that a statement such as 2 + 2

= 5 could never be arrived at by a valid proof, or in the sense that two

contradictory propositions a = b and a ≠ b could both be derived?

(c) Is mathematics decidable, in the sense that there exists a definite

method that can be followed to demonstrate that a mathematical

statement is true or not?" (Dasgupta 2014, 45)
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The last provocation is related to the tenth problem of the list compiled in 1900, which asked

if there was a method by which to know if a type of equations known as “Diophantine” had

solutions in rational integers (ie, zero, positive and negative integers). This issue became

known as the “decision problem” (or Entscheidungsproblem). It was first resolved by Alonzo

Church - another giant that laid the grounds of the science of computation - in a paper

published in 1935. (Church 1936)

Church’s solution hinted at programming methods. The paper describes lambda functions,

which still play a fundamental role in programming today’s computers. And it did raise the

attention of Alan Turing, who had finished his undergraduate studies at the King’s College in

Cambridge with a thesis that qualified him to become a King’s fellow. In early 1936, shortly

after Church’s paper, Turing published his own solution in the paper titled “On Computable

Numbers, with an Application to the Entscheidungsproblem” (A. M. Turing 1937)

This is a seminal work because the method Turing devised uses what he called an “Universal

Computing Machine” and is now known as a Turing machine. (J. Copeland et al. 2017). After

centuries of research towards a representation system for reasoning, we finally get to a

proposal that can be automated. And as we’ll see, the technology to implement that was

being developed at the same time.

Turing imagined a machine that was composed of an infinite tape on which symbols could

be written to and read from. The symbols encoded values, and also the operations on the

values. This is one of the most interesting effects of the exercise: to realize that operations

could also be encoded as numbers on the tape, and decoded through the use of a table of

instructions. The capacity to store a set of instructions is analog to the storage of a program
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in the memory of present-day computers.  The head of the machine represents the square of

the tape that is being accessed at a given time, and a state recorder stores the current

internal state of the machine, like initializing, finishing, reading. Today, a system that is able

to perform these tasks is known as a Turing-complete machine.

In very short terms, the argument against the possibility of verifying that a solution to any

given problem is possible or not resided in the fact that the machine would have to test all

possible inputs. But since all inputs are stored as a sequence of numbers, like the programs,

at a given point the machine will test the same program that is used to test all other

programs, entering an inescapable loop.

Turing actually went out to pursue his PhD under the supervision of Church, at Princeton

University, and returned to Cambridge in 1938. He was already interested in building a

machine that would perform as the theoretical exercise he imagined: some of the time he

spent in the United States was used to build a binary multiplier machine. (Hodges 2014) As

World War II started, he joined the British cryptographic effort to break the cipher of the axis

forces in Bletchley park, the headquarters of communication intelligence in the United

Kingdom. There, he devised several code breaking methods which helped the allied forces

win the war.

He was also able to work there with actual computing machines. However, none of them has

the flexibility he planned: they were built with specific pre-wired programs meant to decipher

codes. Turing knew that electronics was the technology needed to run computers on a

speed that would make the invention practical. However, the machines built until the early
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forties were based on relays, a component that still had mechanical parts. Only in 1944 he

learnt about the Colossus, the behemoth installed in Bletchley Park.(J. Copeland et al. 2017)

It was only after the war ended that Turing was able to focus on working on an Universal

Programming Computer. He proposed a design focused on speed, named ACE. However,

bureaucracy and politics caused his project to be delayed, while another computer named

Baby, developed by former colleagues from Bletchley Park, was already functional at

Manchester University in 1948. That prompted him to move there and collaborate with the

design.

As with most great inventions, computers were developed at the same time in different parts

of the world, and it is impossible to say which of them would be the first, as different criteria

could be used to tell what could be considered a computing machine as we know today. In

1938, electromechanical computers based on relays had already appeared. Konrad Zuse,

working in Berlin with funds from Nazi Germany, developed a Turing-complete machine

using this technology in 1942.  IBM started to operate its Harvard Mark I in 1944, making

calculations for the development of the atom bomb. The ENIAC, built by the US army, was

completely electronic and started functioning in 1945, although only after modifications done

in 1948 it could run stored-programs. More machines were also developed in that decade,

marking the beginning of the computer era as Turing had imagined them. Even if they were

slow and took the space of several rooms, the dream of a machine capable of synthetic

mathematics was complete. (Goldstine 1993)

Alan Turing was a remarkable character, and is considered the inventor of computers as we

know them today. He also gave important insights regarding the concept of artificial
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intelligence, as we’ll later see. His life was tragically cut short by an apparent suicide in 1954,

after being prosecuted and convicted on homosexuality charges.

Machines that think

Finally, machines that could manipulate mathematical symbols were available, together with

a representation system for them. And the speculation starts immediately: can machines

think the way humans do? The 1940s were not only a prolific time for computer hardware: it

was also the decade when the foundations for artificial intelligence were laid down.

In 1943, while Turing was working on breaking German cryptography, a groundbreaking

paper was published. It dwelled exactly on the workings of the brain and proposed a

mathematical model for the neuron that is still the base for even the most current

developments in AI, such as machine learning. (McCulloch and Pitts 1943) The proposal is

informed by the much earlier investigations of Camillo Golgi, which used his black reaction

technique to yield photographic imaging of the biological neurons, a representation with a

clear symbolic similarity to the mathematical model. But using this McCulloch and Pitts'

equations, the biological neurons could be simulated by a machine, still hypothetical at the

time. In fact, while the emulation of neurons became commonplace with today’s computers,

the complete brain remains still too complex for any device to imitate.

The model is of striking simplicity, and hence easy to implement: it just says that a given

neuron will trigger if the weighted sum of its inputs surpasses a certain threshold.
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Adapted from Cristopher Berger, https://appliedgo.net/perceptron/, CC-BY-NC-SA

In the biological realm, this means that the axon terminal will raise its voltage once the sum

of voltages of dendrites reaches a certain level. And in the computational simulation, this is

modeled with numbers as input and output values. In current applications it would not be

correct to brand the computation process as a simulation: on one side, neural networks

generate very real outputs, and on the other side, besides this original inspiration, the models

we’ll study in this thesis bear very little resemblance to the biological brain. But even if AI

nowadays is far from biology, the model of the neuron was a fundamental inspiration. As

we’ll see, the field became split between the ones who believed that the best way forward

for AI was to manipulate logic symbols (snippets of information, like the analysis of the

movement of a chess piece and all its possible consequences) and the ones who believed

https://appliedgo.net/perceptron/
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knowledge is better grasped by training a neural network (feeding it, for instance, the

complete games with outcomes). If anything, the explosion of AI since the 2010’s is evidence

of the dominance of the latter strategy.
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Cybernetics and systems theory

The nineteen-forties brought not only the development of the first electronic symbolic

manipulation machines. The decade also saw the birth of two frameworks of thought very

important to this research: cybernetics, as the science of artificial control systems, and

systems theory, which seeks to understand the boundaries and exchanges between a

system and its environment. By doing this, systems scientists face the difficult problem of

defining the concept of autonomy of systems, which can be anything from living cells to

computer programs.

A paper named Behavior, Purpose and Teleology published in 1943 outlined what would be

baptized as Cybernetics a few years later. It was written by Arturo Rosenblueth, Norbert

Wiener and Julian Bigelow and discussed the concept of teleology in animals and machines,

including speculation on how a robot would work. (Rosenblueth 1943) Ideas present in the

paper would still resonate decades later. When the paradigm of cybernetics shifted to

systems theory, the reflection this paper proposed on the goals of objects or machines was

still present: one way of defining the limits of a system is to think of its purpose. But the first

outlines of systems theory were being drafted almost at the same time. Biologist Ludwig von

Bertalanffy was publishing in 1945, in German, an article where the term is presented for the

first time. (L. von Bertalanffy 1945) 

More texts of interest to this research appeared in this decade. Vanevar Bush published a

speculation on how machines could cooperate with human work, in an essay that became a

reference for computation, named “As we may think”. (Bush 1945) And John von Neumann,
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who would become instrumental in the refining of computers as invented by Turing,

practically founded Games Theory with the paper “Theory of games and economic

behavior”. (Neumann 1944) This theory is still one of the best resources in creating platforms

that allow machines to learn efficiently. 

Neumann also discovered cellular automata, which are finite-state simulations of systems

which are able to self-replicate and display persistent autonomous behaviors. (Von Neumann

2017) He proposed them while working on the problem of self-replicating systems, in

particular robots which could build perpetuating replicas of themselves. Stanislaw Ulam, his

colleague at the Los Alamos National Laboratory, suggested that these structures should be

discrete in order to be able to design a reductionist model of life.(Ilachinski 2002) The study

of cellular automata became a field of its own, and will be revisited later on in the text, when

we describe John Conway's Game of Life.

Founding Cybernetics

Starting in 1946, a series of conferences were organized in New York CIty and became

known as the Macy Conferences, after the foundation that hosted them. The meetings were

proposed as an interdisciplinary gathering, where medicine and biology could be mixed with

mathematics and concepts such as information, teleology, self-regulation or even how

computers could learn. (ASC: Foundations: History of Cybernetics n.d.) In fact the title of the

first meeting in March of that year was “"Feedback Mechanisms and Circular Causal

Systems in Biological and Social Systems.”, and it was attended by, among others, Margaret

Mead, Gregory Bateson, Julian Bigelow, McCulloch (chair of the conference), von Neumann,

Wiener and Rosenblueth.
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The Macy Conferences were seminal in setting the scene for the emergence of artificial

intelligence as a research area, even if the term would only appear much later. Ten of such

meetings were organized in total, with subjects like information theory, homeostasis,

decision theory and complexity. Influenced by the conversations held in the conferences,

Wiener writes a book that follows up on his 1943 behavior paper, by proposing the concept

of Cybernetics, or the science of self-governance. In “Cybernetics: Or Control and

Communication in the Animal and the Machine”, Wiener (1948) looks at the autonomy of

biological beings and wonders how it can be emulated by a man-made device. One of his

focuses is on mechanisms of self-control, namely the negative feedback loops: systems that

try to keep a dynamic system within certain bounds, like the thermostat of an oven, or the

buoyant valve of a toilet flush. But he also covers a variety of subjects that would be of great

relevance for AI and computer science, such as the binary number system (which still wasn’t

a standard), information and its relations to bandwidth and noise, and even the possibility of

having machines that could play chess. In a second edition published 13 years later, he

added a few chapters that expanded the discussion to the self-reproduction of machines

and the self-emergence of patterns in evolutionary processes as well as learning processes

within the brain, aspects which are central to the discussion of self-organization. The author

also addresses issues still very current, such as the risk of job loss in the face of automation.

With this work, Wiener not only founded cybernetics as a science. He also made it popular,

as most parts of his book were very accessible for a layman public. Notwithstanding, he

wrote a book a few years later with the intention of reaching an even broader audience,

named “The human use of human beings: cybernetics and society”. The Macy Conferences

themselves didn’t escape from a feedback effect and were renamed, starting in 1950, as
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Cybernetics Conferences, after a suggestion from the then chairman Heinz von Foerster.

(ASC: Foundations: History of Cybernetics n.d.) On the other side of the Atlantic, in a similar

but more informal setting, cybernetic minds gathered for dining in London through the Ratio

Club from 1949 until 1958. Founded by John Bates, it had Turing, W. Ross Ashby and Donald

McKay among its attendees. (Husbands and Holland 2008)

Besides Wiener’s classic book, 1948 also saw the publication of Claude Shannon’s paper on

information theory, A Mathematical Theory of Communication (Shannon 1948) This work laid

down some basic concepts in machine communication such as emitter, channel, and

receiver. Even the most basic unit of information used in computer science, the bit, is named

there for the first time. It represents a binary state - true or false, 1 or 0, yes or no. The

combination of 8 bits form a byte, which can store numbers from 0 to 255 by the

combination of binary states. Shannon also brought together concepts of thermodynamics

and cybernetics by proposing the concept of information entropy, which represents the level

of uncertainty on the message; after a certain level of entropy, the original message cannot

be decoded anymore. The proportion of noise in relation to the signal carried by the channel

must be kept low. If this is not possible, the system should use redundancy, repeating

essential symbols so that loss can be afforded without missing the message. Shannon

detached the concept of meaning from the message; all that matters in his theory is how

much information can the channel carry and still be decoded on the other end. In his sense,

nonsense content is just as valuable as a news report : “Frequently the messages have

meaning; (...) These semantic aspects of communication are irrelevant to the engineering

problem”.
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Cyberneticists applied many of its findings to the field of organization management: Stafford

Beer wrote Cybernetics and Management (Beer 1959). He was hired by the Chilean

government of Salvador Allende to develop the Cybersyn project, a national computerized

economic management system. These ideas were recently reclaimed by Web3 designers of

decentralized autonomous organizations (DAOs) as anarchist tools. (Zargham et al. 2023) 

The beginnings of systems theory

Many of the ideas around the organization of systems emerged in the late forties and early

fifties. In 1947, psychologist W. Ross Ashby published Principles of the Self-Organizing

Dynamic System (Ashby 1947), as the systems which are able to reorganize themselves in

response to changing environmental conditions. In 1950, Bertalanffy published his Outline of

General Systems Theory in English (Von Bertalanffy 1950), practically founding the science of

systems. 

"The formal correspondence of general principles, irrespective of the kind of relations or

forces between the components, leads to the conception of a “General Systems Theory” as

a new scientific doctrine, concerned with the principles which apply to systems in general."

(Von Bertalanffy 1950)

Systems theory aims to explain how different parts of a system interact and affect each

other, as well as the system as a whole. As such, it has been applied in fields as diverse as

engineering, psychology, biology and sociology. It can be used to analyze complex

structures such as the power grid or an airplane, as well as biological organisms, cells,

economic and social systems. This attempt at being universal also makes a closed
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delimitation of the theory elusive to date. "Systems theory is a term without a formally agreed

upon definition". (Adams, Hester, and Bradley 2013) . Again, it is helpful for this research in

as much as defining systems also presupposes defining how autonomous they are, that is,

where do they stand in the continuum between self-sufficiency and dependency from other

systems.

An approach to sociology from the systems' perspective was published by Talcott Parsons

as early as 1951 in the book The Social System. In 1954, a first meeting of Bertalanffy and

other scientists invested in the field took place in Palo Alto. This group would found, in 1956,

the Society for General Systems Research (renamed to International Society for Systems

Science in 1988).

This focus on self-control and later, self-organization, also intertwined the field with

cybernetics. In fact, it was usually difficult to separate the fields since the scientists working

on these issues can at times be associated alternatively with one, the other or even both

sciences. But as cybernetics evolved and became more associated with artificial intelligence,

systems theory continued to stand as a field of its own. Bertalanffy stresses that cybernetics

should be seen as a particular subfield of the latter more than a competing worldview:

Systems theory is frequently identified with cybernetics and control

theory. This again is incorrect. Cybernetics as the theory of control

mechanisms in technology and nature is founded on the concepts

of information and feedback, but as part of a general theory of

systems (...) [t]he model is of wide application but should not be

identified with 'systems theory' in general (...) [the] warning is

https://www.isss.org/
https://www.isss.org/
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necessary against its incautious expansion to fields for which its

concepts are not made.(Ludwig von Bertalanffy 2009, 17–23)

The imitation game or Turing test

Although not directly associated with either camp, Turing was already wondering how the

machines being developed could compare to human standards of intelligence. His 1950

paper “Computing Machinery and Intelligence” (Alan M. Turing 2009) starts by proposing the

question “Can machines think?” and goes on to propose an “imitation game”. His concern is

to provide a platform where a machine can be interrogated without giving away its

non-human condition (“No engineer or chemist claims to be able to produce a material which

is indistinguishable from the human skin”), therefore the questions and answers in the game

are typewritten and the participants are sitting in isolated rooms. Turing example is to have a

man (A), a woman (B) and an interrogator (C). By asking questions, C must find out who is

the man and who is the woman.

We now ask the question, ‘What will happen when a machine

takes the part of A in this game?’ Will the interrogator decide

wrongly as often when the game is played like this as he does

when the game is played between a man and a woman? These

questions replace our original, ‘Can machines think?’ (Alan M.

Turing 2009, 434)

This game is now known as the Turing test. Its use as a measure of machine intelligence is

controversial to say the least; every day there are more programs that pass the test with
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flying colors and still bear no signs of human-like wit, from the Elisa ``psychiatrist program” in

the 1970’s to the recent conversations with Google’s Lamda chatbot. (Heng-Tze Cheng 2022)

But Turing himself saw it more as a philosophical than a computing problem, related to Ada

Lovelace’s questioning whether machines can originate anything. One of its most famous

rebuttals is the Chinese Room, (Searle 1980) a thought experiment proposed by philosopher

John Searle. As in Turing’s test, the subject being questioned is isolated in a room, receiving

questions and passing answers through typewritten papers. It must convince its interrogator

that it is not a machine but a person who can communicate in Chinese. Searle asks us to

suppose a given program manages to pass the test and to suppose that the machine is

replaced by a person who cannot speak Chinese, but has the complete instructions to

answer the questions in English, and thus can replicate its workings. This person will also

pass the test, but will have no understanding of Chinese or of what is being asked about.

Therefore Searle’s question is if such a computer is actually intelligent or is it only a

simulation of intelligence, and proposed a difference between “Strong AI” (the former) and

“Weak AI” (the latter). “... according to Strong AI, the correct simulation really is a mind.

According to Weak AI, the correct simulation is a model of the mind.”

Artificial Intelligence appears

By the early fifties, war efforts were long over. After being used for military projects (the first

programs run by the Harvard Mark I and ENIAC were nuclear weapon simulations), several

computers were available for research on both sides of the Atlantic. Chess and checkers

programs were written for the Manchester University’s Ferranti machines. (B. J. Copeland

2020) One interesting project was the “Logic Theorist”, (Crevier 1993) developed in 1955. It

was a program capable of manipulating mathematical expressions and solving problems,
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which was able to solve 38 of the first 52 theorems in the aforementioned “Principia

Mathematica”, tested on a machine belonging to the RAND corporation. It was the dream of

a machine capable of symbolic reasoning coming true, even if it was very limited.

At this point, the term Artificial Intelligence hadn’t been coined yet. It is interesting that when

it finally appears, it happens in the context of a reaction against the neural approach praised

by the participants of the Macy Conferences, and also as an alternative science to

cybernetics itself. It was in a workshop hosted by the Dartmouth College in the summer of

1956, organized by John McCarthy, Marvin Minsky, Nathaniel Rochester and Claude

Shannon. The term appears for the first time in the proposal sent out to request funding for

the meeting. The creators of “Logic theorist”  Allen Newell and Herbert Simon attended the

workshop and presented their invention, (McCorduck 2004) which was welcomed with

warmth, perhaps exactly because it did not use any neural techniques, but a kind of

brute-force technique: “reasoning as search”. This consists of exploring and testing all

possible solutions to a problem and has very little to do with the intuitive human methods of

problem-solving. It is also notable that Marvin Minsky, who later came to be a stark attacker

of neural methods, had previously developed one of the first devices that implemented a

neural network, the SNARC. (Crevier 1993) Another attendant, Arthur Samuel, became

known for releasing, in the same year, the first checkers game that was reasonably

challenging, or “tricky but beatable” by his own account. (Mitchell 2019; Samuel 2000)

Samuel also was the protagonist of an argument related to the aforementioned Lovelace

objection against Norman Wiener, when the latter stated that machines “could develop

unforeseen strategies” in game programs. (Wiener 1960) Samuel sides with Ada with the

rebuttal “(...) the machine will not and cannot do any of these things until it has been

instructed as to how to proceed”. (Samuel 1960)
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The term picked to downplay neural techniques is now used mostly to designate these very

strategies: as we’ll see, since the 2010s, artificial neural networks have dominated the field

and symbolic techniques are now the exception in artificial intelligence research.

Symbolism, subsymbolism

This is a good moment to clarify some of the terms used until now and from now on. There

are several approaches to solving the question of how to create reasoning machines. Genetic

programming, for instance, is a field that yielded interesting results. Others have developed

ideas around artificial life, which is very close to systems theory and inspired by natural life

processes. Nevertheless, the dominant methods in the history of AI have been the one

described before: one based on symbols manipulation and the other based on simulated

neuron networks. It is hard to say which came first. As we’ve seen, there is a centuries-old

tradition of trying to build a symbolic representation of thought, while the first mathematical

model of neuron appeared only in 1943. But the rift was probably first made visible by the

organization of the Dartmouth workshop described above.

The line of thought based on symbolic manipulation became known as symbolism, and was

the most common strategy in the years thereafter, to the point it is also called GOFAI - good

old-fashioned artificial intelligence. (Haugeland 1986) Every definition would be an

oversimplification, but for the sake of this thesis, we will assume it uses rule-based inference,

logical agents, and does not rely much on statistics (although it does incorporate

probabilistic method as a way to avoid failure) (S. J. Russell and Norvig 2021) The idea

underlying the symbolic framework is that all human thinking can be replicated by logical
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processes, being replaced by “symbols, combinations of symbols, and rules and operations

on symbols.” (Mitchell 2019) After all the investment on logical systems bore some cases of

success, like the Deep Blue chess computer, which beat the human world champion,

Kasparov, in 1997. But by the mid-1980s, expert systems—symbolic AI approaches that rely

on humans to create rules that reflect expert knowledge of a particular domain—were

increasingly revealing themselves to be brittle: that is, error-prone and often unable to

generalize or adapt when presented with new situations.” (Boden 2018) In this project,

symbolic AI may also be referred to as GOFAI.

Subsymbolism, on the other hand, is based on methods that use neural networks, borrowing

inspiration from the structure of the brain. From the seventies on, the term connectionism

also began to be used, referring to “to the idea that knowledge in these networks resides in

weighted connections between units.” (Boden 2018) Yuk Hui describes connectionism

elegantly:

This effort to go beyond formal representation of perception and

reasoning is known as connectionism, represented by a movement in

cognitive science that uses artificial neural networks to explain cognitive

capacities, and it resonates with the twentieth-century philosophical

attempt to go beyond representation. (Hui 2021, 238)

The term originated in psychological research, and is closely related to learning processes.

The field of connectionism also led to what is known today as machine learning.The demise

of symbolism and dominance of subsymbolism happened in part because the processing
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power needed for such processes became recently available. We will refer to this faction as

connectionism, subsymbolic AI or machine learning.

Symbolic/subsymbolic schools are also related to the System 1 (fast) and System 2 (slow)

types of thinking, proposed by psychologist Daniel Kahneman. (Kahneman 2011) System 1,

or fast thinking, is the unconscious, instinctive way of processing information. It happens for

instance when we are trying to locate the source of a sound, read a slogan or process simple

sentences. Slow thinking happens when we need to focus and give our attention to a task,

like solving an equation, counting the A’s in a text, or parallel parking into a small space. So

when our brain forms System 2 thoughts, we are manipulating symbols using logic - the car

controls, letter A’s, mathematical variables - much like symbolic AI aims to solve problems.

And subsymbolic AI processes information a bit like fast thinking works: by learning from

exposure to raw data, without reasoned explanation of how we know what we know. We

don’t need to make a logical evaluation to determine where a sound comes from or if an

object is coming in our direction: we arrive at the conclusion quickly and without any

conscious reflection.

An important footnote is to mention that all neural AI done today is done on computers, and

therefore requires programming, which is nothing else than symbol manipulation. So in some

way, there is symbolism even in the subsymbolic method of today. However, the symbolic

programming is there mostly just to put the neural networks to function; the actual artificial

intelligence work is done subsymbolically.

Perceptrons
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We can now discuss one of the most known breakthroughs that happened on the

connectionist side: the invention of the perceptron machine by Frank Rosenblatt in 1958.

Even if the concept of the perceptron had emerged in the McCulloch and Pitts paper in 1943,

no successful implementation of an artificial neural network had been seen so far. The model

was first tested on an IBM 704 computer, but like many of the computer science projects of

the time, Rosenblatt’s device was a single-purpose machine, designed to be trained to

recognize visual shapes. It consisted of an array of 400 photocells, creating a rudimentary 20

by 20 pixels camera. These were connected to potentiometers - an analog electrical device

that is used for instance to dim lights or control the output volume of a radio. The setting of

each potentiometer was used to physically store the weights of the artificial neurons. During

the training process, electric motors would adjust their positions.

The success of the perceptron machine derives from its ability to recognize some basic

shapes, an absolute novelty for its time; its failure consists also of the incapacity to recognize

most shapes. The flaws overshadowed the achievements: a few decades after its inception,

the history of AI became synonymous with symbolic IA. Reclaiming subsymbolism would

start in 1980’s, with some success stories in the 1990’s, until a complete dominance of the

field in the second date of the 21st century.
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By unknown photographer, presumably working for Cornell

Aeronautical Laboratory - Original publication: Cornell University

Library, Fair use

National Museum of the U.S. Navy

It is interesting to see how much, at that moment, the research turned away not only from the

neural path but also from learning processes, focusing on symbolic representation. A paper

written in 1958 by McCarthy defends the development of a knowledge representation that

can be manipulated easily. (McCarthy 1960) In Minsky’s own words:

The most central idea of the pre-1962 period was that of finding

heuristic devices to control the breadth of a trial-and-error search.

A close second preoccupation was with finding effective

techniques for learning. In the post-1962 era the concern became

less with “learning” and more with the problem of representation of

knowledge (however acquired) and with the related problem of

breaking through the formality and narrowness of the older

https://digital.library.cornell.edu/catalog/ss:550351
https://digital.library.cornell.edu/catalog/ss:550351
https://en.wikipedia.org/w/index.php?curid=47541432
https://commons.wikimedia.org/wiki/File:330-PSA-80-60_(USN_710739)_(20897323365).jpg
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systems. The problem of heuristic search efficiency remains as an

underlying constraint, but it is no longer the problem one thinks

about, for we are now immersed in more sophisticated

subproblems, e.g., the representation and modification of plans.

(Minsky 1968, p. 9). Cited in (Buchanan 2005)

But the coup de grâce against neural methods came in a book by Minsky and Seymour

Papert published in 1969, aptly named Perceptrons. The book criticizes Rosenblatt’s

research, and was "interpreted as showing that further progress in neural nets was not

possible, and that this approach to AI had to be abandoned",(Olazaran 1996)  due to the fact

that perceptrons can’t calculate the XOR function described earlier in this chapter. That is

not exactly true. Rosenblatt had already shown how these calculations could be

done.(Rosenblatt 1961)  The book itself mentions howMcCulloch and Pitts proposed to

create a Turing machine capable of all boolean operations. What Papert and Minsky proved

is that an specific architecture of artificial neuron networks couldn’t be used for these

operations; a much more complex set of perceptrons would have to be used, with several

layers. They arrived at the same conclusion when investigating the issues of parity (the ability

to find out  the number of connected neurons is even or off) and connectedness (the ability

to distinguish figure and background in images): the complexity of the networks required for

these tasks was too large for the existing technology at the time the book was written.

(Olazaran 1996) In any case, Minsky has expressed skepticism on the potential of “Gamba

networks” (the name he used for multi-layer perceptrons) on other occasions, and the book

did cause the funding for this approach to go dry in the nineteen-seventies. (Alom et al.

2018). The dismissal of connectionism and the difficulties inherent to GOFAI led to what is

known as the first AI winter.(Buchanan 2005) It is possible that the perceptron controversy
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delayed the development of machine learning. But it is also a fact that the deep learning

revolution was contingent on the development of computers with capable processing power.

Art, cybernetics and systems

As cybernetic ideas became popular, an increasing number of artists began incorporating

them into their work. (Shanken 2002a) British cyberneticist Gordon Pask combined scientific

production with creative inventions. From 1953 until 1957, he designed and displayed

Musicolour, a piece used in theater plays that translated sounds captured by a microphone

into color lights.(Dreher 2020, 38) Another pioneer was Hungarian-born artist Nicolas

Schöffer, who designed kinetic sculptures which reacted to their environments. His work

CYSP1 (1956) used phototubes and microphones as sensors which triggered movements of

the piece itself (mounted on motorized wheels) and its parts. Both Schöffer and Jacques

Bureau, the designer of the circuits that controlled the movements of CYSP1, use the W.

Ross Ashby's term "homeostasis" to describe its ability to "move and adapt to external

events". (Dreher 2020, 44) Other of his works expanded these concepts towards the public

space, building interactive towers reaching tens of meters like Chronos 8 (1968). (Gehér

2018) But the autonomous traits of CYSP1 point towards the cybernetic desire for an artificial

organism, and in this case, one that engenders a particular choreography.
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CYSP1, ©Archives de Nicolas Schöffer, Collection Eléonore de
Lavandeyra Schöffer https://journals.openedition.org/ceroart/6076

In the nineteen-sixties, Cybernetic Art took the shape of a large-scale artistic movement. Roy

Ascott (United Kingdom, 1934), one of its exponents, fully adopted a cybernetic world of

view for his work.

The art of our time tends towards the development of a cybernetic

vision, in which feedback, dialogue and involvement in some

creative interplay at deep levels of experience are paramount.

(Ascott 1968, 105–12)

https://journals.openedition.org/ceroart/6076


51

Ascott's works were not so concerned with the autonomy of the artwork, but they

incorporated concepts of loop and feedback. (Shanken 2002a) His piece Change Paintings

(1959) , a set of paintings on plexiglass, allowed viewers to manipulate and reconfigure parts

of the painting.

We could adopt a distinction between cybernetic and systems artists of the time (Lynch

2018, 102) Following this categorization, Hans Haacke (Germany, 1936) would belong to the

latter group. He explored systems in nature, beyond the human-made cybernetic sense. The

piece Condensation Cube (1965) consisted of an isolated glass cube, with moist air inside.

By increasing and decreasing its temperature, water would evaporate and condensate, citing

the scientific investigations into systems thermodynamics, input-output exchanges and

preservation of energy. Although trained as an artist, Jack Burnham (USA, 1931), became

more influential as an art historian and theorist. He developed the concept of system

aesthetics (his original orthography) as a method to integrate system studies into art practice.

(Burnham 1968)

The exhibition Cybernetic Serendipity (1968) captured the infatuation of artists towards the

field, displaying works which related computers and art. Curated by Jasia Reichardt (Poland,

1933) after a suggestion by professor Max Bense (Reichardt 1969, 5), it opened at London's

Institute For Contemporary Arts and later traveled to different cities in the United States. 

(Shanken 2002a). Gordon Pask's Colloquy of Mobiles offered torches as a way for visitors to

interact with its moving parts; Nam June Paik (Korea, 1932) presented the remote controlled

robot K-465, in collaboration with engineer Shuya Abe (Japan, 1932). Sculptures guided by

light and sound were contributed by John Billingsley and Edward Ihnatowicz, respectively.
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In 1970 Burnham explored his own concepts of system art in the exhibition Software,

Information Technology: Its New Meaning for Art, which opened at the Jewish Museum in

New York City. It focused more on the relation between the metaphysical aspect of

Conceptual Art and Software: "the show drew parallels between the ephemeral programs

and protocols of computer software and the increasingly "dematerialized" forms of

experimental art, which the critic interpreted, metaphorically, as functioning like information

processing systems." (Shanken 2002b) Whether Burham viewed this relation as metaphorical

is up for debate: both Conceptual Art and software exist only as abstractions which affect

the audience in varied sensuous ways. (Burnham 1974, 47)

Also relevant for this thesis is the fact that at this moment, artists began to explore graphics

created with the aid of computers. This implies the elaboration of algorithms that define

images, which again brings software close to conceptual art. Visual artist Sol Lewitt (USA,

1928) proposed for his series Wall Drawings to be built according to written instructions, like:

"Black arcs using height of the wall as a radius, and black arcs using the midpoints of the

wall as a radius. The arcs are filled in solid and drawn in India ink" or "500 vertical black

lines, 500 horizontal yellow lines, 500 diagonal right red lines, 500 left blue lines within a 72'

square". The idea of software-defined art is used by Philip Galanter for his concept of

Generative Art (Galanter 2016), while LeWitt himself compares the method to the notations of

score music. (Roberts 2012) 

In 1962, Michael Noll, working at the Bell Laboratories in Murray Hill, NJ, USA, was shown by

a colleague a plotted graph gone astray which resembled a concrete abstract drawing. Noll,

who in tandem with his engineering education had a strong interest in art, decided to

investigate the use of the plotter to purposely create abstract paintings. He describes the
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atmosphere of the laboratory as intellectually stimulating, with other engineers also

investigating the use of computers for artistic production. After writing and testing different

plotting programs, he found one result particularly pleasant, where the positions of lines were

randomly defined. (Noll 1994) He named it Gaussian Quadratic, and, with the support of the

lab, tried to register the copyright for the work with the Library of Congress Copyright Office.

As we'll see again later in the research, US copyright law doesn't posit computer-created

works as copyrightable, and the registration was rejected. After two more tries, he managed

to get it registered, but had to waive the initial claim that the work was collaboration between

man and machine, and state the work was done completely by him. (Zeilinger 2021b, 61)

As we'll see in more depth later, two theories of computer aesthetics were being developed

concurrently in Europe. While Abraham Moles was writing his Informational Theory and

Esthetic Perception (Moles 1966), Max Bense developed his computational aesthetics

(Bense 1998). Even though Bense was primarily concerned with algorithms for aesthetic

evaluation, some of his students like Geg Nees (Nees 1969) and Frieder Nake (Nake 1968)

started creating procedural graphics with the help of computers and plotters.

Around the same period Vera Molnar co-founded the group Art et Informatique at the

Parisian Institut d’Esthétique et des Science de l’Art and started her own algorithmic

explorations (Molnar 1975) Herbert W. Franke published his first computer-aided visual works

in 1967, although had been experimenting with mechanical analog methods for drawing and

photography since the fifties. (Franco 2022) 

The history of generative art is vast, with a production that reflects closely the developments

of computer and telecommunications technology. It is instrumental in developing autopoiesis
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within art. A definition of generative art that supports this claim comes from Galanter:

"Generative art refers to any art practice where the artist uses a system (...) which is set into

motion with some degree of autonomy contributing to or resulting in a completed work of

art.” (Galanter 2003)

However, for the purpose of this thesis and the interest of objectivity, we will only return to it

when the use of artificial intelligence tools enters the scene, in the 2010's.

Artistic component: Photosynthesis

Photosynthesis is the only artistic component in the thesis that, by using generative

procedural algorithms, does not incorporate neural networks in its system. Within the

development of AI, it would fit among the symbolic efforts to reproduce human cognition.

Paradoxically, it might be the most autonomous of the works in the project, capable of

permanently drawing unique sketches of trees without human intervention, as long as it is lit

by sun rays. This also demonstrates the fact that artificial intelligence platforms require much

more energy spending than traditional computing, making them less autonomous in terms of

their operation in the proportion that its perceived intelligence increases. The last component

to be described in the thesis, Aiku, will substantiate the limits of circumstantial autonomy.

The piece consists of a support holding on one side a small solar panel, and on the other an

e-paper black and white display, which is attached to a single board computer, model

ESP32. When the sun hits the panel, it produces enough electricity to start the computer,

which is programmed to draw tree-like structures on the display. E-papers have the double

advantage of consuming very little energy and to preserve the last drawn image even when it
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has no power. They are common in e-readers such as the Amazon Kindle, and they're not

suited for moving pictures as the update rate is too slow. In Photosynthesis, each tree takes

about 30 seconds to be produced and exhibited.

Providing its own energy, drawing according to its own rules, this piece brings my work

closer to the concept of autopoiesis than any other. Photosynthesis lives in its own enclosure

and establishes distinct relations with the environment, by absorbing sun rays and outputting

artworks which in its turn have different effects on the gallery visitors. Granted, its aesthetics

didn't emerge but were designed by another entity - myself, the artist/observer outside the

system's limits.

Photosynthesis (2021). Photos by Tanja Becher.

The code to program the ESP32 device is written in C, with a driver library to plot on the

e-paper. The algorithm is based on a CC-licensed, open processing sketch by Asher

Salomon. The code is published under the same license.

Second-order cybernetics and autopoiesis

https://openprocessing.org/sketch/144159
https://github.com/brunovianna/contingencytree/
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The year of 1967 marks an inflection in cybernetic research. In a keynote speech at the

meeting of the American Society for Cybernetics, Margaret Mead calls upon its members to

apply cybernetic thinking onto cybernetics itself, inaugurating what came to be known as

second-order cybernetics.  (H. Von Foerster 1969, chap. 1). This leads to a rethinking of

purposes within the field. This renewal was advocated strongly by researchers who worked

on ethics from a cybernetics perspective of self-reflection, like Von Foerster. (Heinz Von

Foerster 2003)

This inflection spawned new renovated theories which brought new ways of understanding

the cybernetic paradigm. Gordon Pask proposed his Conversation Theory (Pask 1976), while

in general the development of sociological systems-based thinking was strongly

disseminated. Niklas Luhman is known for applying a systemic approach to sociology, law

and the arts (Luhmann 1995, 2000; Luhmann, Ziegert, and Kastner 2004). Gregory Bateson,

after a life-long contribution to anthropology, takes a holistic approach to ecology and

society through the gaze of cybernetics. (Bateson 2000) 

Of particular interest for us is the appearance of the Santiago School of Cognition, around

the findings of Humberto Maturana and Fracisco Varela. In a 1972 book, they propose the

concept of autopoiesis, a cybernetic theory of life that helps us delimit what it means to be

autonomous.

This concept describes a self-referential network of processes that continuously produce or

maintain the components that make up a system. Differently from a car factory, which

produces a system (the car) other than itself, a cell or a school of fish is able to support its

homeostatic condition by a series of intricate relations with its surroundings. Living things are
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able to cope and adapt to the changes in their environment, sustaining their individuality as

distinct and coherent entities. 

These boundaries between the organism and the outside are fluid and yet well-defined. The

exchanges through this boundary allow the thing to keep its operational closure, that is, the

system is defined by its own capacity for autonomy.

Maturana and Varela also make the case that all autopoietic systems bear some kind of

cognition; this cognition is defined by its capacity to understand itself within the environment

and find the materials needed to self-support. If we limit the definition to the biological, these

would be nutrients, sunlight, oxygen. But if we apply autopoiesis onto a social construct, the

cognition is defined by the elements that build themselves and also build their context -

culture, references, language, affections as a result. Several art scholars have adopted the

concept of autopoiesis as a referential framework for art (Bishop and Al-Rifaie 2016; Bishop

and al-Rifaie 2017; Sevänen 2001), even if Maturana explicitly stated that the concept only

applies to biological sciences.

Artistic component: Crank of life

In 1970, a column published at Scientific American magazine made public a particular

cellular automaton that brought together several concepts in systems, cybernetics and

computation. Game of Life was invented by British mathematician John Conway. "Because

of its analogies with the rise, fall and alternations of a society of living organisms, it belongs

to a growing class of what are called "simulation games"--games that resemble real-life

processes".(Gardner 1970)  The article gave instructions on how to play the game on a paper
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board, but it was the availability of computers later that made Game of Life so popular and

so studied.

It is a game that plays by itself. All that has to be done is an initial configuration, which

consists of markers on a grid. These markers represent the initial entities which are "alive".

After that, the following rules must be evaluated in every round:

1. Survivals. Every marker with two or three neighboring counters survives for the next

generation.

2. Deaths. Each marker with four or more neighbors dies (is removed) from overpopulation.

Every marker with one neighbor or none dies from isolation.

3. Births. Each empty cell adjacent to exactly three neighbors--no more, no fewer--is a birth

cell. A marker is placed on it at the next move.

These basic rules allow very complex patterns to appear. Some repeat themselves in a loop,

some move around the board and might leave different patterns on their wake. The

affordance of complex shapes and behaviors from strict rules is considered one of the best

examples of emergence and self-organization. (Bak, Chen, and Creutz 1989) When patterns

touch, interesting interactions occur, with specific outcomes. One specific pattern, which

was named "glider", displays persistent shapes as it moves across the screen. It allowed

Conway to show how logic gates such as AND, OR, NOT and memory counters could be

implemented in the game, making it Turing-complete: within it, any kind of computation can

be performed.(Berlekamp, Conway, and Guy 1985) A collection of some animated patterns

can be seen here.

http://www.scholarpedia.org/article/Game_of_Life
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Conway's invention is the subject of my artwork Crank of Life, presented as part of the

Research Pavilion exhibition in 2021, at the Hietsun Paviljonki in Helsinki. The piece proposes

an outer enclosure that adds a new layer to the game system. The game is stored in a

program for the LilyGo programmable chip (which is also based on the ESP32 platform) that

has a small color LCD screen. As in the case of  Photosynthesis, the system is not fed by an

external electrical source. In order for the simulation to start,  must use a crank that

generates electricity through a dynamo. When the chip is booted, a random cell configuration

is drawn on the screen. The randomness is given by the voltage provided by the dynamo in

the moment the chip starts running. Therefore it is determined by the viewer, as they can

apply more or less weight on the lever.

Crank of Life (2021). Photos by Tanja Becher.

The piece discusses the limitations of agency on so-called autonomous systems. The choice

and color and position of the display are reminiscent of biological cultures in Petri dishes. By

conditioning the start of the simulation to a God-like human movement, we stress how

https://www.uniarts.fi/en/events/bruno-caldas-vianna-singular/
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non-emergent artificial life and intelligence are: play things, contingent on supplied energy,

intelligent design, and made for our own intellectual delectation.

The code to program the ESP32 device is written in C, with a driver library to draw on the

screen. The algorithm is based on implementation of the Game of Life made by Joan

Soler-Adillon for the Processing platform. The code is published under a Creative Commons

License.

AI winter, developments of subsymbolism and feats of symbolism

After the disrepute of perceptrons there came the period known as AI winter. Throughout the

sixties, funding for AI investigations came in the order of millions of dollars yearly for many

academic institutions such as MIT and Cornegie Tech. But the progress was slow and results

were few. For instance, the Speech Understanding Project by the research agency DARPA

was shut down after five years and fifteen million dollars for failing to achieve useful speech

recognition. (Crevier 1993)

Several reasons contributed to this downfall. Problems of scale plagued the implementation

of symbolic AI systems: the brute force strategy of searching all possible solutions, used by

the “Logic Theorist” and its successor, the General Problem Solver (GPS), came to a limit

when the “combinatorial explosion” made the amount of possibilities so vast that it couldn’t

be handled by the computers of the time. It is very hard to create a representation for

common sense knowledge, differently from mathematical theorems. This led to what is

called the Moravec’s paradox, first formulated in 1988: "it is comparatively easy to make

computers exhibit adult level performance on intelligence tests or playing checkers, and

https://github.com/brunovianna/crankoflife
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difficult or impossible to give them the skills of a one-year-old when it comes to perception

and mobility". (Moravec 1995) A more succinct phrasing of the problem is proposed by Steve

Pinker: "the main lesson of thirty-five years of AI research is that the hard problems are easy

and the easy problems are hard."(Pinker 2010) In other words, a very complicated calculation

can be done in a fraction of a second by a computer, but an easy task for a human, such as

recognizing a face or a voice is very difficult for a program - or at least used to be until

recently.

The rebound would happen around the late seventies and early eighties, fueled by the

success of expert or knowledge systems. These were platforms focused on solving specific

problems, like MYCIN, which diagnosed bacterial infections, or XCON, to configure VAX

model computers, sold by DEC (Digital Equipment Corporation). (Kautz 2022; S. J. Russell

and Norvig 2021) New optimism took over the research, as well as the funders. A project was

initiated to tackle the problem of non-specific, common-sense knowledge - the expertise

disposed of by every human, or the “easy things”, like knowing that rivers run towards the

sea, or that every mammal has a mother. Cyc, as it is named, was started by researcher

Douglas Lenat in 1984 and it still exists as a company today. Its database contains more

than 1.500.000 entities, 24.500.000 relations between them, and it is permanently being

updated.(Lenat, Prakash, and Shepherd 1986) 

After a decade without significant research due to the Perceptrons book backlash,

subsymbolism also made a comeback in the nineteen-eighties, with some notable advances.

A very important work that reclaimed the potential for the approach were the two volumes of

Parallel Distributed Processing: Explorations in the Microstructure of Cognition, by David

Rumelhart and James McClelland (1986). It provided a clear framework for systems based
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on neural networks, focusing on its parallel processing aspect, but setting in stone important

features such as the activation function, output function. But probably the most important

concept to be developed at that time was backpropagation.

The idea of backpropagation is closely related to feedback, the concept so dear to the

cybernetics pioneers. But it is a fundamental piece of artificial neural networks which hadn’t

been established until that moment. Some predecessors had indeed appeared before, in the

sixties and seventies, especially for control applications.(I. Goodfellow, Bengio, and Courville

2016) Seppo Linnainmaa is considered to have done the first implementation of a

backpropagation algorithm in 1970. (Griewank 2012) But as with most great inventions, it

was developed almost simultaneously in different institutions around the mid eighties. In

1982, Paul Werbos applied Linnainmaa’s method to a neural network. (Schmidhuber 2015)

The results appearing in the aforementioned Rumelhart book came from a collaboration with

Geoffrey Hinton, (Rumelhart, Hinton, and Williams 1986) and Yan LeCun also used the

algorithm in his thesis project. (LeCun 1985). LeCun and Hilton shared the 2018 Turing award

for computer science for the work that started with these advances, together with Yoshua

Bengio.

So how does backpropagation work? Neural networks must be trained to execute a given

function, like recognizing images of dogs. In this example, we would use a set of images

known to be of dogs, and another set of non-dog images. The network functions by feeding

the images to the input neurons and watching the output neuron: an output value close to 1,

for instance, indicates that the network is confident it has been fed a dog image, as opposed

to a value near zero. In the training, what the backpropagation does is to adjust the weights

(a numerical value given to each connection between neurons) when the network guesses
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wrong, either a false positive or a false negative. The evaluation of this assessment is done

through the loss function, which calculates a score depending on how well the results

correspond to the correct output. An equation named gradient descent indicates how the

weights must be adjusted, until the system learns to recognize dog images with the most

percentage of success possible. This is still the core of today’s machine learning systems.

Adapted from Deep Learning with Python (Chollet 2018)

Another important piece of the deep learning machinery was also being developed around

the same time. It was again inspired from research in the biology of the nervous system, like

the perceptron. Neurophysiologists David Hubel and Torsten Wiesel started a collaboration in

the late  to understand the processing of information in the visual cortex. They found out that

mammal visual perception works in layers. The first neurons to receive information are

triggered by shapes such as edges. As the information is feed-forwarded farther into the

brain, more complex objects and scenes make the latter neurons activate more often. (Hubel

and Wiesel 1959, 1962) Their work and other investigations on visual perception led them to

be awarded the Nobel Prize in medicine in 1981. They also inspired a Japanese engineer,

Kunihiko Fukushima, to develop what he called the Cognitron, (Fukushima 1975) an artificial
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neural network organized in layers, and its successor, the Neocognitron, (Fukushima 1980)

which had some success recognizing handwritten digits.

The kern of Fukushima’s idea is to use a convolution to transform the data between one layer

and the other. This is a matrix operation that works twofold: it highlights the specific features

that a given layer is interested in, and it reduces the dimensions of the image.

Illustration of how convolutions are used to detect vertical edges. For example, a convolution of the upper
receptive field with the weights is (200 × 1) + (110 × 0) + (70 × −1) + (190 × 1) + (90 × 0) + (80 × −1) + (220 × 1)
+ (70 × 0) + (50 × −1) = 410. From Artificial Intelligence: A guide for thinking humans (Mitchell 2019)

In the example of the figure, the convolution highlights the areas with vertical edges between

clear pixels on the left and darker pixels on the right. By combining a great number of such

units, the convolutional network is able to identify the most common features in the images it

is looking for. After the calculation, the nine original numbers in the grid will become just one

in the next layer. This reduction will happen in several of the layers in the network.

The networks using these methods were named ConvNets or CNNs (for convolutional neural

networks). Both terms will be used interchangeably in this text. The combination of
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backpropagation and CNNs were used by Wei Shang in 1988, to recognize alphabet letters,

and by Yan LeCun in 1989, in an application to read handwritten postal codes. (LeCun et al.

1989; W. Zhang et al. 1988) LeCun’s software was deployed and in commercial use starting

in 1996. (Lecun et al. 1998) 

It is worth taking a moment to look at LeCun’s 1988 network, not to be confused with the

1998 network which he baptized as LeNet. It is one of the most basic configurations of NNs,

and it is used widely as a teaching example. It consists of an input layer, an output layer, and

three layers in between them. The neural layers other than input and output are always called

hidden layers. Today, a network which consists of only five layers is considered very simple,

but it required a considerable amount of computing power at its time.
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From (LeCun et al. 1989)

This figure should be read from the bottom, where the input image is represented (a

handwritten number 2), to the top layer consisting of ten output elements, one for each digit

from 0 to 9. The input image size is 16x16 pixels, in grayscale, in a total of 256 pixels. The

figure shows that a convolution operation happens between the input layer and layer H1: it

uses the patches of 5 by 5 pixels (the kernels) of the input to calculate the pixels in the H1

layer. Two different convolution weights are shown for feature maps H1.1 and H1.12,

represented by the two squares with 5x5 dimensions. The maps on H1 are only 8x8 pixels

wide, demonstrating the compression that happens as we move forward through the layers.

These “pixels” on the other layers are referred to as units. The picture depicts the number of
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links between the layers. It is not worth getting into the details of the connections here; what

is important for the network is that the values of some of the units in a layer are combined

with others through a calculation and used to determine the value of the unit it is connected

to. This calculation is the sum of the multiplications of the output value from the previous

layer by its weight - and the weight is exactly what gets updated through the

backpropagation method. In this network, a bias value is also added to the sum. The weights

and bias are initialized with random values which will be adjusted by the

backpropagation/training process.

The twelve feature maps in layer H2 are only 4x4 pixels large. These are fully connected to

the 30 units in H3, that is, all 192 units in H2 are connected to all 30 units in H3. H3, in its

turn, is fully connected to the 10 output units that will bear the values indicating the

probability of which the digits from 0 to 9 were represented in the input image.

The history of neural networks is not completely without the history of the data used to train

and test the models. The selection of data may convey biased choices and cause misleading

results. Around this time, the first public datasets began to appear, like TIMIT, a speech

collection which gathered American voices with different accents. LeCun trained this

experiment with handwritten numbers collected by contractors hired by the United States

Postal Services.

The goal of LeCun’s experiment was to prove that backpropagation could be used to train

neural networks, which was accomplished by achieving a success rate of 95%, meaning that

only identifies incorrectly 5% of the test set. Despite the progress within connectionist

approaches, there were few practical or commercial applications of artificial intelligence.
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Expert systems had gotten to their limit: they were hard to update (since most were based on

special hardware, in a time when personal computers started to be widely available), “brittle”

(subject to gross mistakes when input data is outside the expertise of the system) and could

not learn new skills. (Crevier 1993). A second AI winter arrived, from the late 1980s to the

early 1990s. (Strickland 2021) What rescued the field was the fast evolution of computers:

with faster machines, more processing power could be thrown at the problems.

This is how a phenomenal win for AI was achieved. In 1997, for the first time, a man-made

chess playing contraption defeated the human world champion in a series of six games. This

was actually a rematch. The first series of games, in 1996, had been lost by Deep Blue by

four games to two. On the second time, it won three games and drew one. The system

started to be developed at Carnegie Mellon University in 1989, and from the release in 1996

to the winning version, the main difference was a two-fold increase in speed. (Campbell

1999; Newborn 2003)

Deep Blue’s approach to chess playing was a classic symbolic, GOFAI one. It was essentially

not different from the “Logic Theorist”, making an extensive search on a tree of possible

moves. Granted, it had extensive knowledge of chess strategies and more than 700.000

games played by grandmasters. Its database had, for instance, all of the endgames with five

pieces or less, and several six-piece endgames. It didn’t exactly exhaust all possibilities,

since it uses heuristics to determine which of the paths aren’t worth exploring. But it does

rely on having the computing power to do this massive exploration of possible outcomes.

Connectionism also continued its steady development. A new version of LeCun’s number

classification network was released, this time named LeNet-5. It had 345,308 connections
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between neurons and 60,000 trainable parameters. The network error rate was only 0.7%.

The technique had been in use by the company NCR in several banks across the United

States since 1996, and the documentation was published in a 1998 paper. The paper was

also the debut of an historical dataset of handwritten numbers named MNIST (for Modified

NIST), which the authors built by combining two existing databases from the National

Institute of Standards and Technology. (Lecun et al. 1998) This set is still widely used for

teaching and benchmarks in the machine learning community.

Architecture of LeNet-5, from (Lecun et al. 1998)

Describing the history of artificial intelligence after 1998 is more difficult, not because of

another winter or crisis, but simply because it became commonplace. The domestic vacuum

cleaning robot Roomba was released in 2002. DARPA’s grand challenge for autonomous

vehicles started in 2004 and in 2005 had already several cars driving autonomously for more

than 200 kilometers. The second generation of Furby toys, released in 2005, had a speech

recognition system that allowed them to have basic conversations.

The banalization of artificial intelligence also has to do with the concept of AI Effect.

(Haenlein and Kaplan 2019) It seems like once a big AI problem is solved, we don’t think of
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that as an AI problem anymore - it is just plain computation. Another synthesis is provided by

Larry Tesler: “Intelligence is whatever machines haven't done yet” (Hofstadter 2000) Once a

computer  beats the best human chess player, it becomes transparent that it is just brute

force applied to the problem, and that the program doesn’t think like humans do. Granted,

this is very true - we should never compare human cognition to the machine way of solving

problems and accomplishing tasks, no matter whether it is a neural network or a GOFAI

system. We don’t examine millions of possible outcomes before deciding on a chess move;

and the way images are created from text by the Stable Diffusion models is completely

different from the process of an artist fulfilling a commission, let alone coming up with a new

style. The difficulty comes from the own definition of intelligence, and perhaps it highlights

the problems caused by the AI term itself, which forces a permanent comparison with

biological intelligence - which, in its turn, no one knows exactly what it is. “Looked at in one

way, everybody knows what intelligence is; looked at in another way, no one does”.

(Sternberg 2000) The problems raised by Searle's Chinese Room appear again. Defining

intelligence as a mere attribute of a system is misleading, as it is a quality distributed across

domains - the system, previous art, the body. At the same time, designing a system that

appears to bear specific intelligent qualities is not difficult, and has been done since the

times of the original mechanical Turk.
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Generative Visual AI

In the 2000s, artificial intelligence development seemed to have stalled. Neither symbolic or

subsymbolic fields were bringing new advances in the tasks still not solved by computers.

As we've seen, one of the most important problems that hindered automation in several

industries was the difficulty of making systems that understood visual information. However,

creating a machine that could check for defects in manufactured products or to read the

address from an envelope seemed to be out of reach.

The state of the art of machine vision in the 2000s was the field known as computer vision.

The guidebook for the most common vision platform of the time, OpenCV, only had one final

chapter on machine learning - the rest of the techniques described are all symbolic

procedures. (Bradski and Kaehler 2011) The main impulse for the neural field at the time

came from a competition named ImageNet, created around the dataset that goes by the

same name.

ImageNet

Imagenet takes inspiration from WordNet. which was a dataset of words from the English

language organized in categories, and the semantic relations between them. (Fellbaum 2010)

Its visual counterpart was started by the initiative of professor Fei-Fei Li, at Princeton

University, who realized that a collection of categorized images could be helpful in

developing image classification algorithms. (Gershgorn 2017) WordNet was conceived as a

tool to train symbolic artificial intelligence into semantics, but ended up facilitating the

subsymbolic turn of the 2010's by originating ImageNet.
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Li's project was to download millions of images from the internet and have them manually

categorized into a database. The project started in 2007, but only took off when she learned

of the Amazon Mechanical Turk, a distributed remote work platform. Other options were

explored, such as hiring undergraduate students for the job, but they turned out to be very

expensive or wouldn't scale. Using the Mechanical Turk allowed them to distribute the task

to thousands of workers, doing it quickly (and at an affordable price, at the cost of cheap

labor). Many difficulties remained, though: the categorizations had to be doubled-checked

and verified by different algorithms, as humans may also make labeling mistakes. In 2009

ImageNet was finally released, but received little attention, until the idea for a challenge

came along. (Deng et al. 2009)

The complete set was first launched with 3.2 million images in 5.247 categories, but the

challenge used a subset with 1,247,167 images in 1,000 categories. 50,000 are used on top

of these as validation, since during training neural networks need references, and another

100,000 are used as a test set for the challenge itself, being used to measure the efficacy of

each competing solution. However, the original set continued to expand. In 2023, it already

gathered 14,197,122 images in 21841 categories.

Assembling such a huge amount of real world data also implies capturing the existing

problems of society, unless specific counter measures are put in place. In the case of

ImageNet, these hitches lurked in the data for many years. In 2019, Kate Crawford and

Trevor Paglen published Excavating AI1, a report on the biases and troubling labels found on

ImageNet and other sets. They found classifications with "problematic, illogic and cruel"

labels. Under the human female subtree, there can be found, for instance, "gold digger" or

1 https://excavating.ai//, accessed August 28, 2023

https://excavating.ai/
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"ball-breaker". A photo of Barack Obama labels him as "anti-semite", while another of him

holding a nazi flag is described as "bolshevik". These mishaps have been fixed, but others

came up: an investigation by Vinay Prabhu found a large amount of pornographic pictures,

(Prabhu and Birhane 2020) which were also subsequently removed. A later effort from the

ImageNet team blurred all recognisable faces from the object set, to protect privacy of the

subjects. (Yang et al. 2022) As we'll see, current models have started to use generative AI to

create the visual training data, which brings another set of troubles on its own.

In computer science, open challenges and competitions are important tools in fostering new

developments. They provide a standardized framework against which new solutions can be

measured and compared. In this case, the framework is the big set of images which must be

categorized correctly by computational methods against the human-made labels. The first

competition on ImageNet came out in 2010, when the winning team obtained an error rate of

28.2 percent, still using a procedural method. The turning point would come in 2012, when a

deep convolutional neural network, AlexNet, was first used in the challenge and obtained an

error rate of only 16.5 percent. (Krizhevsky, Sutskever, and Hinton 2017) This network has

similarities with LeNet and other previous architectures, but outgrows them vastly in terms of

scale, with a total of 60 million parameters.

This challenger also was one of the first to take advantage of the development of GPUs, a

processing chip that until then was used mostly for 3D graphics. The type of matrix

calculations needed for 3D rendering is very similar to the ones used in neural networks,

therefore all that was needed was to write software that could run NNs on them. The

popularization of GPUs also paved the way for cryptocurrency experiments.
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AlexNet architecture. from The History Began from AlexNet (Alom et al. 2018), CC-BY

Already in 2013, almost all teams were using a deep learning approach. (Russakovsky et al.

2015) In 2015, ResNet-152 won the challenge with only 3.57% error, surpassing the human

rate at 5%. (Alom et al. 2018) After that the classification problem was considered effectively

solved, with the last competition taking place in 2017, even before ImageNet's ethical issues

surfaced.

Nevertheless, even though more varied datasets have surfaced like Laion-5B, ImageNet is

considered an industry standard and continues to be used for visual machine learning. The

will to explore this artificial intelligence landmark was my own motivation for the Supervision

artistic piece.

Artistic Component: Supervision

https://arxiv.org/abs/1803.01164
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In 2022, the exhibition Paradoxes of Photography opened at the Finnish Museum of

Photography. It was a part of the research project , funded by and was curated by Mika Elo.

As such, I was invited to present a proposal of an artistic intervention that incorporated

materials from the museum image archive.

Armed with the curiosity on the particular effect that the dataset ImageNet had (and is still

having) on visual perception and generative culture, I set off to explore the archive with

analytical tools based on this set. The result was the disposition of all the 12,684 pictures

provided by the museum on a tableau with the width of six meters and height of one meter.

The work is entitled Supervision.

Supervision, 2022. Digital print, 600x100cm

The result has a cloud-like structure that reveals how ImageNet organizes the archive in its

categorization, complete with semantic relations between the represented objects. But

zooming in (or walking closer, in the case of the gallery) this organization displayed a sense

of the world that quite often unconcealed the biases contained in the database. The cluster

of generic non-western people, for instance, discloses its colonial perspective. These

clusters are also visually marked by the size of photos. The most representative example of

each category has the larger size (after a suggestion from the curator) and stands in the

middle. This allowed the appearance of blank spaces as separation between clusters.
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A small guide with some of Supervision selected clusters.

The sheer number of photos and the historical character of the collection allowed the

audience to engage in games of exploration. Many examples have an affective importance to

the Finnish audience, presenting known historical figures, public personalities, recognizable

artworks and places.
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Close-ups of the tableau.

The process consisted of using a model trained on the ImageNet set to make an operation

on each image. The operation outputs a set of numbers, the embeddings vector, which is

unique for every image and represents their relation to the ImageNet categories. But in order

for this representation to be displayed in a meaningful way, another operation must be

performed on every embedding, namely a dimensionality reduction, since the original

resulting vector has 2048 dimensions. Firstly, a direct reduction to the bi-dimensional x and y

locations of a Cartesian plane, using Principal Component Analysis (PCA) was tried, with

poor results.(Tipping and Bishop 1999) Then a two-step approach was followed, with PCA

being used to reduce to one hundred dimensions, and after that another reduction to two

variables was performed using the t-SNE method (t-distributed stochastic neighbor

embedding). (Hinton and Roweis 2002) After tweaking parameters to make full use of the

horizontal space of the tableau, an algorithm named KMeans (Lloyd 2006) was applied to

calculate the representativity of each image in its cluster, which was then visualized as its

size.
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Other visualizations were explored, like a fixed grid or the Voronoi algorithm, which divides

areas in order to create a visualization of the clusters of different categories. (Voronoi 1908)

Different models like VGG19 and VGG19 were also used (these yield 4096-dimensional

embeddings). (Simonyan and Zisserman 2015) It is worth mentioning that the OpenClip

model, which will be reviewed when we address text-to-image platforms, should provide a

more natural, continuous, segmentation of subjects, less based on separate classes. But the

ResNet50 model offered the possibility to use weights pre-trained with ImageNet. (He et al.

2015) For its historical relevance and the opportunity to study and reveal its shortcomings,

this was the chosen approach. The code is published on the author’s Github repository2 and

can be used by anyone willing to visually organize a large collection of pictures.

Dimensionality reduction x model

(full size graphics available on the Research Catalogue)

PCA t-SNE

VGG16

2 https://github.com/brunovianna/collectionview/, accessed August 28, 2023

https://github.com/brunovianna/collectionview/
https://www.researchcatalogue.net/view/1642290/1645876
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VGG19

ResNet50

Visualizations

(click to download full size)

Grid

Voronoi
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Final (weighted sizes)

After a further commission from the museum, the project unfolded into a video-based

version, where the image cloud floats in a 3D space, and different clusters are visited by a

virtual camera. The piece became part of the museum’s permanent collection.

DeepDreaming of Electric Sheep

The first visual instantiation of neural networks that drew attention for their aesthetic potential

was DeepDream. It originates in a network developed by Google for the 2014 edition of the

ImageNet challenge. (Szegedy et al. 2014) It was first published in their research blog in

2015, and consisted of a convolutional neural network trained on specific images (such as

dogs or places). When another image was fed into it, the outcome was what the researchers

described as “beautiful art”3. The process was given the name of “Inceptionism” and

became popular enough to impulse the first commercial tools, like

deepdreamgenerator.com4, in the same month.

4 https://web.archive.org/web/20150719235130/https://deepdreamgenerator.com/, accessed August 28, 2023

3

https://web.archive.org/web/20150708233542/http://googleresearch.blogspot.co.uk/2015/07/deepdream-code-example-fo
r-visualizing.html/, accessed August 28, 2023

https://web.archive.org/web/20150708233542/http://googleresearch.blogspot.co.uk/2015/07/deepdream-code-example-for-visualizing.html
https://web.archive.org/web/20150708233542/http://googleresearch.blogspot.co.uk/2015/07/deepdream-code-example-for-visualizing.html
https://web.archive.org/web/20150703064823/http://googleresearch.blogspot.co.uk/2015/06/inceptionism-going-deeper-into-neural.html
https://web.archive.org/web/20150719235130/https://deepdreamgenerator.com/


81

A deepdream image created by Jessica Mullen, CC-BY 2.0

Another neural experience that made the rounds was the encoding of the movies Blade

Runner and A Scanner Darkly. (Romano 2016) Terence Broad, a student at Goldsmiths

University of London, trained an autoencoder on the movies as his final thesis project for a

Master in Creative Computing. (Broad and Grierson 2016)

Autoencoders have been invented in the eighties and are a well known idea in the field of

deep learning. (I. Goodfellow, Bengio, and Courville 2016, 499) It is a network that tries to

copy its input to its output, passing through a smaller hidden layer. This has the effect of

compressing the original data, but in a way that it can be later decoded. A method published

in 2015 used a GAN-like discriminator to train the network to obtain results the most similar

to the input as possible. (Larsen et al. 2016). The movie reconstructed from the frames

encoded in the network created using this method was published on YouTube, and it was

https://commons.wikimedia.org/wiki/File:Deep_Dreamscope_(19822170718).jpg
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similar enough that the artist received a copyright infringement notice. But the results draw

attention mostly for the uncanny visuals, which allude to the original movies in a ghostly,

eerie fashion.

Generative Adversarial Networks

Generative art took a vertiginous leap with the invention of Generative Adversarial Networks

(GANs) in 2014: instead of generating what could be described procedurally, creators could

spawn anything that could be “taught” to a network, given there was a large enough number

of examples to be learned. This tilts the scale one more step towards the autonomy of the

artistic system, from the programmed randomness of procedural towards an exploratory,

“mapping the unknown” stance. Before GANs, generative art was limited to what could be

expressive through a symbolic algorithm. (B. Caldas Vianna 2020)

As the story goes, Ian Goodfellow, a doctoral student at Université de Montreal, was

celebrating the graduation of another student in a bar when was asked for help to solve a

computing problem. Their colleagues needed to fit a large amount of training data on a

specific model of GPU, a graphical processing unit, which at the time could only fit 1.5

gigabytes of data. After a few beers, he had an idea and went home to try it. (Giles 2018)

Instead of fitting the massive network, he would combine two smaller ones, trained with the

same data, competing against each as in a game. The first would be trying to generate

images, while the other one would judge their quality. The ratings produced by the latter

would help with the training of the first one.(How Ian Goodfellow Invented GANs 2020)
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(The discriminator) estimates the probability that a sample came

from the training data rather than (the generator). The training

procedure for (the generator) is to maximize the probability of (the

discriminator) making a mistake. (I. J. Goodfellow et al. 2014)

As with many innovations, this solution was also imagined up by another person more or less

at the same time. Olli Niemitalo proposed it in a blog post in 2010, but never implemented it.

(Niemitalo 2010) Other approaches using dual networks have been used before in 2006 and

2013. (Abu-Khalaf, Lewis, and Huang 2006; Wei Li, Gauci, and Gross 2013) The fact is that

Goodfellow produced recognizable images in the same night and became immensely

popular after the publication of the results in the relevant paper, which includes an

acknowledgment for the bar where the algorithm was conjured. (I. J. Goodfellow et al. 2014)
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Visualization of random results obtained by using the GAN method (in yellow) compared to previous methods with
different training sets – a) MNIST, b) TFD, c) CIFAR-10 (fully connected), d) CIFAR-10 (convolutional discriminator
and “deconvolutional” generator) . (I. J. Goodfellow et al. 2014)

Since then, machine learning systems started to adopt the multi-network approach in more

and more complex configurations. Today such systems are huge amalgamations where

outputs from some networks become inputs for others, sometimes mixing up heterogeneous

data modes like text, images, sounds.

GAN explosion

The publication of Goodfelllow’s code and paper triggered an explosion of tweaks,

experiments and customizations around the original idea. Besides image generation, GANs
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were developed for different applications such as designing DNA, generation of music and

speech, discovering drugs and many others. (Gui et al. 2020)

The evolution of image GANs is of particular interest for this work, as they inspired several

artists that took upon the tool and developed different creative practices. These could

include from an installation built around generated images to models specifically trained to

produce a given style or subject. What is particular about GANs is that, when trained with a

consistent set of pictures, they will spawn new images in that style in which it was trained.

These new outputs will be in the same style but uniquely different from all images belonging

to the training set.

The network built by the training process constructs a latent space, a collection of possible

outputs which is mapped to a vector of numbers. In the BigGAN model, for instance, this

latent vector has 128 numbers ranging from -1 to 1. (Brock, Donahue, and Simonyan 2019)

Every little variation in even one of these numbers will yield a different image. Similar images

are grouped in vectors with short numerical distance between their components.

This allowed a wide range of experiments. Networks trained on faces have regions in the

latent space where particular features can be found, like gender, ethnicity, facial expression,

and in-between combinations. Animations were made from a point in the latent space to

another, creating various morphing effects. A network trained on photos of cats and dogs

would not only spawn variations within the species but also all sorts of cat-dog hybrids. The

last developments of GANs before the appearance of diffusion models were trained on

generic sets, allowing them to be used in text to image systems.
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The amount of GAN variations is huge. A repository5 dedicated to collecting GANs, last

updated in 2018, listed 501 variants at the time. We will describe here only a few of the ones

which allow for the creative generation of images, as they are more relevant for the project.

DCGAN

DCGANs are germane to this section, as we will see that they were the base for some of the

first art-based experiments on GANs. They were invented in 2015 and published in 2016. The

improvement they offered was the ability to train in large-scale, obtaining better quality in

bigger images. (Radford, Metz, and Chintala 2016) The repository6 by Soumith Chintala

claimed the developers tried scaling up to 4096x496 pixels, but results larger than 256x256

don’t look very good.

It also proposes the walk in latent space, already described, and vector arithmetic. This

technique consists of performing mathematical operations on the latent vector to obtain the

corresponding effect on the images. For instance, “smiling man” minus “neutral man” plus

“neutral woman” results in a smiling woman.

6 https://github.com/soumith/dcgan.torch/, accessed August 28, 2023

5 https://github.com/hindupuravinash/the-gan-zoo/, accessed August 28, 2023

https://github.com/hindupuravinash/the-gan-zoo/
https://github.com/soumith/dcgan.torch/


87

Arithmetic operations on latent vectors (Radford, Metz, and Chintala 2016)

Pix2pix

This solution proposed the use of GANs to transfer features from one image to another. A

satellite picture of a neighborhood could be translated into a map, a daytime scene into

night, black and white to color. The publication of the method in the author’s repository7 in

2016 allowed many artists to make experiments. The paper came out in 2017. (Isola et al.

2018)

7 https://phillipi.github.io/pix2pix/, accessed August 28, 2023

https://phillipi.github.io/pix2pix/
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Image-to-image Translation with cGANs (Isola et al. 2018)

CycleGAN

CycleGAN was developed by the same group as pix2pix, with a similar function. The

improvement consisted in being able to train with unpaired images. If pix2pix required a

great number of, say, the outlines of bags with actual photos of bags, CycleGAN infers the

characteristics of training sets such as the paintings of a given artist. (Zhu et al. 2020) After

the learning step, the system is able to apply specific styles to any image. The paper and

code came out in 2017.

Unpaired image translation (Zhu et al. 2020)

StyleGAN

The importance of this network dwells on its capacity to produce high resolution

photo-realistic images, on a quality that kept evolving across different versions. The first

came out in 2019 (Karras, Laine, and Aila 2019) as a development of Tero Karras work on
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ProgressiveGANs. (Karras et al. 2018) It became the tool of choice in websites that

popularized photorealistic generative images such as This Person Does Not Exist8. It was

also the system used for Post-colonialism, an artistic component of the thesis that will be

seen a bit later in the text. The last version, StyleGAN3, was released in 2021. (Karras et al.

2021)

Super-Resolution GAN

The relevance of super resolution GANs derives from their ability to scale up low resolution

images while keeping – or actually creating – detail. The technique is still used in the latest

Stable Diffusion models, since their output always needs to be upscaled. ESRGAN came out

in 2018 (Wang et al. 2018) while a more realistic model was released in 2021 (Wang et al.

2021). These networks are still used in current diffusion models for scaling.

VQGAN

The last GAN we will describe is VQGAN, which opened the path to the text to image

models being used now. (Esser, Rombach, and Ommer 2021) Its innovation consisted in

applying Transformers to convolutional image generation. Transformers is an architecture

developed in 2017 which is instrumental in the creation of large language models like GPT.

(Vaswani et al. 2017) The authors of VQGAN were able to generate images with much better

quality by using this technique. Besides, they were able to guide the generation with poses

and depth maps, which give much more control over the final result. As we’ll see, this was

8 The original domain was taken over by the company Stability.ai. Other versions of the tool are available at
https://thisxdoesnotexit.com/, accessed June 20, 2023

https://web.archive.org/web/20190301100922/https://thispersondoesnotexist.com/
https://thisxdoesnotexit.com/
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the model used by Katherine Crowson9 and Ryan Murdock10 to develop text to image models

that would become very popular.

GAN Art

Artists have been working on artificial intelligence since its onset. After the interest in

cybernetic theory, others explored the field as an expressive subject in the

nineteen-seventies such as Naoko Tosa and Harold Cohen (Wilson 2002, chap. 7.6) But

GANs provided a powerful, AI-based novel tool for image-making. It is impossible to

determine a “first” artistic experiment made with GANs, and probably not so relevant –

artistic innovations shouldn’t be treated as inventions, where the first proponent is the one

who gets to patent the deed. But one of the most immediate reactions that can be mapped

came from Robbie Barrat. His Art-DCGAN code was published In 2017, and consisted of a

scraped to download artworks from the Internet in order to train a version of Soumith

Chintala’s DCGAN.

By splitting the sets in categories like nudes, landscapes and portraits, he was able to

generate 128x128 images that, while far from a perfect recreation, displayed a strong, but

hard to define, resemblance to the styles they have been trained on. GAN-generated images

of this period are easy to spot: they have this blending texture, where elements melt into

each other., resulting from the convolutional techniques described in the last chapter.

Depending on the artist, this was either incorporated into the work, or was a problem to be

fixed by working on better training and cherry-picking results.

10 https://twitter.com/advadnoun, accessed August 28, 2023

9 https://twitter.com/RiversHaveWings, accessed August 28, 2023

https://twitter.com/RiversHaveWings
https://twitter.com/advadnoun
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The images made an impact on the artistic community. In the month after its publication,

Hugo Caselles-Dupré, a member of the French artist collective Obvious, joined a thread11 in

Barrat’s repository asking for help fixing a bug. A few months later, in 2018, the collective

created a collection of AI-generated portraits depicting a fictional Belamy family. One of

these, named Edouard de Belamy, ended up being sold by the world renowned auction

house Christie’s for 432,000 US dollars in October of that year. (Jones 2018)

The story behind the sale is rich in controversies that bring into light the issues surrounding

AI-generated art. (Bailey 2018b, 2018a, 2018c) The three members of Obvious had no art

training. The only of them with computer training was Caselles-Dupré, who was starting his

PhD in machine learning. The trio tried to sell the artworks through Twitter and eBay without

success, until Christie’s approached them on Twitter offering to auction it. Even before the

sale, the auction made ripples in the generative art community, as other artists had been

experimenting with algorithmic art for a long time and felt despised. Moreover, it fueled the

argument that artistry was not required to make computer based artworks.

Questions of authorship also surfaced. At first sight, it seemed that Obvious had not only

used Barrat’s code, but also the models trained by him. This was denied by Caselles-Dupré,

who posted a video proving they had done their own training. But the question whether

Barrat should have a share of the profits was raised: after all, Obvious’ work was a direct

implementation of his code. Caselles-Dupré dismissed the issue, mentioning that Barrat also

fails to credit scientists like Goodfellow, who invented GANs. The issue is further

complicated by the fact Obvious chose to sign the painting with a mathematical formula from

Goodfellow’s paper, representing the rules of the game played by the generator and

11 https://github.com/robbiebarrat/art-DCGAN/issues/3, accessed August 28, 2023

https://github.com/robbiebarrat/art-DCGAN/issues/3
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discriminator networks. In fact, the public relations material from Christie's and Obvious

initially stated that the author was the AI system. This stance was later rectified in the

interview used as reference here. Finally, Belamy can (and should, according to the group) be

interpreted as a translation of Goodfellow’s name into French. (Bailey 2018a)

Barrat continued to develop GAN-based artwork. While Obvious was working on Belamy, he

integrated AI into crypto-based art, giving away NFTs minted with 300 nudes from the nude

GAN model. In 2019 he was contacted by a gallery in Paris to develop a project with painter

Ronan Barrot. Catherin Vossen and Albertine Meunie, working for Vossen gallery, realized

that his obsessive paintings of skulls – hundreds of them – made them the perfect set for AI

training. Their collaboration ended up in a show where Barrot’s paintings appeared next to

the skulls generated by Barrat. The results came out strikingly similar to the original artwork,

and the painter said he wished we would have painted some of those himself. That led Barrat

to create a new batch that would have some of his own input, by changing the training set

enough so that he could make the machine “hallucinate a bit”. (Table ronde Infinite Skulls

2019) Vossen Gallery opened a new show12 with his AI-generated work in 2023, with works

from 2018 until 2020.

It wouldn’t be an exaggeration to say there was a GAN-based art movement around the late

2010s, that explored its peculiar visuals and generative features. François Chollet, an AI

scientist who will be discussed later, was probably the first to use the term GANism:

"GANism (the specific look and feel of seemingly GAN-generated images) may yet become a

significant modern art trend" (Chollet 2017)

12 https://avant-galerie.com/robbie-barrat-2018-2022, accessed August 28, 2023

https://avant-galerie.com/robbie-barrat-2018-2022
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It bore the aesthetics of uniqueness in multiplicity, in ghostly representations. (Waelder 2020)

Several artists were lured by the technique and developed a practice around it. Helena Sarin

experimented with the textures of GANs to develop an unique style. Anna Ridler generated a

tableau of tulips,13 as a reference to the economic flower bubble14 of the seventeenth-century

in the Netherlands and to one of the most known sets in data science, the Iris dataset

(originally published in the Annals of Eugenics, no less). (Fisher 1936) Sofia Crespo engraved

the GAN look onto her biological-looking creatures15. Jukka Hautamäki worked with selfies16

to create monstrous versions of himself. Taller Estampa designed alien species17. Some of

the works point in the direction of autonomous systems: Memo Akten proposed a network

that would self-train18 itself on the images of a webcam in an installation. Mario Klingemann

and Gene Kogan developed on-line, community-based art generators with strong claims to

autonomy that will be reviewed later on.

Artbreeder19 is also an interesting project since it has its roots on a different branch of

artificial intelligence research. Joel Lehman and Kenneth Stanley have been working on the

concept of goalless computing – the idea that designing systems that don’t have any

specific objective might be a more efficient way to breed novelty. (Lehman and Stanley 2011)

To put their ideas into practice, they designed a Picbreeder20, a website that from 2007 until

2021 allowed users to aimlessly combine images into new hybrids according to their

subjective evaluation of interestingness. (Secretan et al. 2011) The inbreeding approach

20 https://web.archive.org/web/20071009011927/http://picbreeder.org/, accessed August 28, 2023

19 https://artbreeder.com, accessed August 28, 2023

18 https://www.memo.tv/works/learning-to-see/, accessed August 28, 2023

17 https://tallerestampa.com/estampa/especies-marcianes/, accessed August 28, 2023

16 https://jukkahautamaki.com/2019/03/11/synthetic-selfies-2018/, accessed August 28, 2023

15 https://neuralzoo.com/, accessed August 28, 2023

14 https://en.wikipedia.org/wiki/Tulip_mania, accessed August 28, 2023

13 http://annaridler.com/myriad-tulips, accessed August 28, 2023

https://twitter.com/NeuralBricolage/status/1076310408347172867
http://annaridler.com/myriad-tulips
https://en.wikipedia.org/wiki/Tulip_mania
https://neuralzoo.com/
https://jukkahautamaki.com/2019/03/11/synthetic-selfies-2018/
https://tallerestampa.com/estampa/especies-marcianes/
https://www.memo.tv/works/learning-to-see/
https://artbreeder.com/
https://web.archive.org/web/20071009011927/http://picbreeder.org/
http://annaridler.com/myriad-tulips
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added evolutionary features into the generative processes, yielding interesting results which

quite often arrived at familiar shapes.

Inspired by this previous work, artist Joel Simon creates in 2018 a website that integrates

GANs into this concept, the GANBreeder21, using BigGANs. The project grew a strong

community of users who shared their creations on the forum-like interface, and became the

scenario of another intellectual property dispute around generative imaging. (Bailey 2019;

Zeilinger 2021a) Artist Alexander Reuben used images from GANBreeder to create his project

amalGAN22. A complex creation process that included measuring the artist’s brain waves

used, in the last steps, Chinese for-hire artists to paint the images on canvas. But when the

results were publicized, other GANBreeder users identified pictures of their own creation.

Reuben claimed that he assumed the images were being created by an algorithm and were

free to copy. However, even if they were “bred” by human artists, the American copyright

office says that, being machine generated, they might not be registrable. (USCO 2021)

Reuben admitted the misuse of images and addressed the issue by updating the system in a

way other users' images wouldn't be used. (Bailey 2019)

In 2019, Simon's project adopts the more generic name ArtBreeder23. The technology it used

kept up with developments in the field and, to this date, its community seems to keep going

strong. But the list of GAN artists and creative projects is much larger than these samples

and would justify a doctoral project on its own. In 2022, GANs would be abruptly dismissed

by the generative community, as the more advanced diffusion methods dominate the field,

as we'll see later in the text. But the few years when GANs was the method of choice were

23 https://web.archive.org/web/20190825043841/http://www.artbreeder.com/, accessed August 28, 2023

22 https://web.archive.org/web/20190215103728/https://areben.com/project/amalgan/, accessed August 28, 2023

21 https://web.archive.org/web/20181119174641/https://ganbreeder.app/, accessed August 28, 2023

https://web.archive.org/web/20181119174641/https://ganbreeder.app/
https://web.archive.org/web/20190215103728/https://areben.com/project/amalgan/
https://web.archive.org/web/20190825043841/http://www.artbreeder.com/
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enough to leave an aesthetic imprint in generative arts. My personal artistic exploration of

GANs was incorporated in the research and will be described shortly.

Autopoetic aesthetic arrangements

The Barrat/Obvious episode around GANs will be useful at this point to introduce some

seminal concepts within this research. I have described in a paper from 2021 how difficult is

the question of defining the art object for art and technology practitioners, and how it gets

entangled with the concept of inventions, specially in the face of societal paradigms of

authorship such as patents and copyrights. (B. Caldas Vianna 2022)

Society offers the patent office for the registration of new systems and ideas which produce

an output, or an effect. The copyright office registers the fixed form of creative outputs.

However there is a gap in dealing with the authorship of new creative arrangements -

systems which are creative per se and not necessarily fall within the utilitarian paradigm of a

patent.

To help limit and define the concept I'm trying to convey, I am borrowing the name of a

practice from the music field, which has its own problems in solving authorship issues. The

arrangement is the organization of melodies and harmonies of different instruments for the

performance of a song. This is an intensively creative process, which is not as recognized as

songwriting or performing. While it is easy to identify the composers and interpreters of a

given piece, the creator of the arrangement is not so easy to locate. Some of the most well

known melodies, such as bass lines, are the result of this process and might never be given

appropriate recognition and will probably never appear on music scoresheets. (Niles 2014)
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The arrangement I propose here is a reframing of the creative process from a cybernetic

perspective. It suggests a different point of view of dualities such as artwork/invention,

artist/tinkerer, copyright/patent from the possibilities afforded by generative media.

Vilhém Flusser describes the actions resulting from the machinic entanglement of humans

and apparatuses as collaborations. (Flusser 2011) But he sees humans more as creative

executors of the machine's programs, actively selecting from the algorithm output. (Zylinska

2020, 53) That's why Flusser's philosophy stimulates the deconstruction of the black box,

the closed systems running the algorithms. I see the current practitioners in art and

technology more and more going beyond Flusser exhortations and organizing the black box

itself. Most productions within art and technology require this organization of software and

hardware - used here in the broader sense of instructions and tools - to propose a new

creative arrangement which might have outputs. To emphasize their role within

arrangements, I'd propose to label these outputs as byproducts. Very often the byproducts

of the arrangements are also artworks (images, sounds, music, text) which I consider

secondary, for in this model I'm proposing, the main form of expression is the system itself.

Depending on the weight of non-human agency within, byproducts can be seen as the

results of mere menial jobs in the arrangements. To put in Benjaminian terms, the aura of the

work lies much closer to the system than to its byproducts. (Benjamin et al. 2008)

My work Devorondina (2010) is a mobile sensing unit which translates environmental

conditions into image byproducts. Jonah Brucker-Cohen's Camera Face24 (2022) is an

application that produces images of persons who are not looking at the camera.

24

https://web.archive.org/web/20220525154729/http://www.coin-operated.com/2022/03/20/human-error-camera-fa
ce-2022/, accessed August 28, 2023

https://web.archive.org/web/20220525154729/http://www.coin-operated.com/2022/03/20/human-error-camera-face-2022/
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Julius von Bismarck's Image Fulgurator25, a photographic contraption of which byproducts

are photographs which reveal invisible projections, is one of the few examples where the

artist actually holds a patent for the arrangement. Every generative art example we have seen

so far is an arrangement of software (or plain instructions, in the case of Sol Lewitt, Tristan

Tzara and others), where the generated output is its byproduct.

In some examples the byproducts disappear, merged into the arrangement itself. The fate of

Ana Laura Cantera's bioconstruction autoenergetic bricks26 is to become a wall. Gilberto

Esparza's Nomadic Plants27 arrange mechatronics and plants in a performative action. Tuula

Närhinen's Storm in a Seacup28, part of her Clapotis series, is a contraption consisting of a

hose submerged in the ocean, and a tube that reveals the tidal movements by the level of

seawater against the horizon. (Närhinen 2022)

The concept is not exclusive to contemporary art and technology works, since ever since the

appearance of art it has somehow implicated the use of tools. Therefore oil paintings are

byproducts of the arrangement of brushes, oil, canvas and frames; books result from

arrangements of language coded in textual signs that in some instances require sheets of

papers binded in volumes. It may sound even offensive to figure, say, Bach's Matthaus

Passion as a byproduct of music arrangements of the Baroque. But this displacement is

necessary to understand the shift recently afforded by generative creation.

28 https://www.tuulanarhinen.net/artworks/clapotis/storm.html, accessed August 28, 2023

27 https://web.archive.org/web/20230420104811/http://gilbertoesparza.net/portfolio/plantas-nomadas/,
accessed August 28, 2023

26 https://web.archive.org/web/20230420105129/http://nuvem.tk/wiki/index.php/Ana_Laura_Cantera,
accessed August 28, 2023

25

https://web.archive.org/web/20200201000000*/http://juliusvonbismarck.com:80/bank/index.php/projects/image-fu
lgurator/2, accessed August 28, 2023

https://web.archive.org/web/20200201000000*/http://juliusvonbismarck.com:80/bank/index.php/projects/image-fulgurator/2
https://web.archive.org/web/20230420105129/http://nuvem.tk/wiki/index.php/Ana_Laura_Cantera
https://web.archive.org/web/20230420104811/http://gilbertoesparza.net/portfolio/plantas-nomadas/
https://www.tuulanarhinen.net/artworks/clapotis/storm.html
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Cinema takes a complex and well established arrangement of equipment, writers, crew,

sensitive material into a byproduct to be enjoyed in dark theaters, TV sets, and, recently,

mobile screens. But when a filmmaker like Marcelo Pedroso asks for the tourists on a sea

cruise to give him the images produced during the trip to make them into a documentary

feature (Pacific, 2009), he is proposing a new cinematic arrangement. In my work Ressaca

(2008), each movie theater session was a byproduct of the careful arrangement of sequences

created by means of a specific software in a performative environment.

The model is made more clear when the arrangement takes importance away from its

byproducts, as their post-humanist appeal questions human authorship and takes over their

agency into an agency of the artificial. That's what leads us back to the GAN Art examples.

GANs themselves entail an arrangement in their combination of generator and discriminator

networks to produce outputs. From this starting point, Barrat had proposed a new

configuration which consisted of feeding scraped artworks, organized in categories, to create

new artworks. Obvious, in their turn, used Barrat's arrangement with minimal modification to

create the portraits of the fictional Belamy family.

Arrangements are prone to simultaneous discovery, the phenomenon in science and

engineering where something is invented or found by different researchers without

knowledge of each other's work. It happened to cinema technologies, airplanes and others.

As described in my aforementioned paper, Brazilian artist Pedro Veneroso and British duo

Random International developed the same installation unbeknown to each other, consisting

of a controlled rain room in which the drips were interrupted where visitors passed. (B.

Caldas Vianna 2022) This happens because, in my scheme, they belong to the domains of

https://letterboxd.com/film/pacific/
https://letterboxd.com/film/pacific/
https://ressaca.net/
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concepts, and are the effect of their worldly zeitgeist, or their common métier, or

unconsciously shared questionings. That does not mean they are the same artworks: the

arrangement allows for a variety of instantiations of the concepts, which with a unique

materialization, circulation and reception.

This type of evolutionary path is a particularity of arrangements. In open collaborative

software, the act of duplicating a set of programming code for improvement is called a fork.

During a fork, a duplicate of the original repository is made, and after that the forker is free to

modify the copy at their will. Arrangements are prone to forks as they are conceptual

constructions. Had they used the complete software and training data from Barrat, Obvious

would be doing just a copy of his arrangement. But adapting the training data to their own

curation after the duplication is a change that, while minimal, could probably justify its

presentation as a new work - a fork.

To define the limits of the arrangement, I'll borrow the term autopoiesis, this time from

biological cybernetics. "What defines (living systems) is their autopoietic organization, and it

is in this autopoietic organization that they become real and specify themselves at the same

time." (Hayles 1999, 151; Maturana and Varela 1980, 48) 29 Arrangements are circular in that

their components produce effects which define the arrangement in itself, and allow it to

maintain its productive condition. "The living organization is a circular organization which

secures the production or maintenance of the components that specify it in such a manner

that the product of their functioning is the very same organization that produces them."

(Maturana and Varela 1980, 9)

29 I couldn't find Hayles' quotes of Autopoiesis and Cognition neither in the original edition nor the edition of
Maturana and Varela book she refers to. I leave here both references for clarification.
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"An autopoietic system produces itself while simultaneously producing its own conditions,

both internal and external." (Keenan 2022) The autopoietic condition of arrangements

presupposes that their organization, which is built around self-maintenance, defines their

limits and the category they belong to.

In this framework constructed by Maturana and Varela, a system that entails an output

different than itself and is contingent on an external observer is not autopoietic, but

allopoietic. An example given by them is the human organization of car factories, which

produce cars and not other factories. But an allopoetic also bears autopoietic qualities; the

factory must be able to fix itself in order to preserve its productive arrangement. In my own

fork of their framework - the duplication of its building concepts for further modification,

described above - I won't create a binary distinction between these categories, but a

gradual transition. Human-made completely autopoietic systems exist only in imagination.

Arrangements are never completely autopoietic, and will always have allopoietic features. As

the Chilean biologists' theory states, allopoietic machines are not autonomous, but

contingent on their observers and their goal, which lie beyond their closure. That is the case

of even the arrangements that display a high amount of agency. (Maturana and Varela 1980,

80)

And here appears the last element of the concept. It is hard to define agency. It has been

appropriated by fields as varied as psychology, neurosciences, and even narrative studies.

We will revisit the concept later, when venturing around issues of consciousness. For now,

and particularly for this concept, let's see it as an original creative impulse, which appears in

the act of inventing the arrangement, in the production of their byproducts, and is distributed

in the processes of self maintenance.
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This definition is limiting and does not consider animals, for instance, as having creative

agency. The originating impulse is human agency and arrangements cannot escape this

condition yet - at least while there are no examples of non-human origination in Lovelace's

sense. But the human arranger also defines, within the system, how agency should be

distributed, and how much agency they are willing to give up. When they forsake their own

agency, the arranger opens up room for environmental agency (through sensors),

participatory agency (interactive pieces), mechanical or random agencies and other types.

Arrangements where the author relinquishes a considerable amount of agency to the system

lean strongly into a post-human condition. In every artwork that is exhibited, the artists

necessarily share some of the agency with their audience, since they have no control of how

the piece will be received, interpreted, or felt.(Lebel et al. 2021, 77–78) In the case of

interactive works, this surrender is even more explicit. But arrangements convey a

configuration where human protagonism is displaced and intelligence is co-produced with

machines, tools, computers, echoing the framework proposed by N. Katherine Hayles. In her

account, "distributed cognition replaces autonomous will; (...); and a dynamic partnership

between humans and intelligent machines replaces the liberal humanist subject’s manifest

destiny to dominate and control nature." (Hayles 1999, 288) Hayles, expanding on Edward

Hutchin's account of cognition, (Hutchins 2006) refers also to Searle's Chinese Room

experiment to state that the cognition doesn't dwell exclusively in the human inside it, but in

the box as a whole. "The situation of modern humans is akin to that of (the human) in the

Chinese room, for every day we participate in systems whose total cognitive capacity

exceeds our individual knowledge" (Hayles 1999, 289) When we engage with agential

autopoietic arrangements as authors, viewers, programmers, we grant some cognition and
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agency to the arrangement as a system, as well as the outer system of relations where it is

also embedded.

In this view, post-humanism is a vector that points away from human individualism and the

romantic idea of the author. But unless we were dealing with non-human domains -

mechanic or animalist - the author subsists, as there is no creative arrangement organized

exclusively by other species or a machine. While it is true that the individual's role is less

important every time, we have not yet reached the point where it disappears.

A hermeneutic process crosses through the arrangement, from human to extra human, to the

outside, to the thing, to the creation. Autopoietic arrangements imply authorship.

Hermeneutics reifies itself as the allopoietic component of the arrangements. They're forms

of creative expression, which quite often are not visible or not recognized as such. It is also a

concept which opens a vector toward a broadening of expressive authorship towards

inventors, tinkerers which do not see themselves as artists.

In the rest of this text, everytime I use the term arrangement, I'm referring to this agential

autopoietic arrangement concept, which will become clear as we refine its meaning and see

more examples of these.

Artistic component: Post-colonialism

Post-colonialism is one of the pieces displayed at the Singular exhibition, a collective show

which was part of the Research Pavilion 2021 edition at the Hietsu Pavilion in Helsinki, and

included other research works of mine described here. The experiment wasn’t focused on
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GAN’s rummy graphics, but on issues of bias, uniqueness and multiplicity. In fact, the

algorithm of choice was StyleGAN2, which at the time was known to produce the most

photorealistic images.

The work took the shape of a triptych, with three digital prints of 100 cm x 100 cm each. The

central piece has 10.000 human faces generated using StyleGAN2. The model of choice was

the Flickr-faces30 dataset, which was in fact created for the first version of StyleGAN. After

the issues raised with ImageNet, it is no wonder this collection was organized with plenty of

safeguards and a fine attention towards privacy and content. According to the

documentation, “Only images under permissive licenses were collected. Various automatic

filters were used to prune the set, and finally Amazon Mechanical Turk was used to remove

the occasional statues, paintings, or photos of photos.” (NVlabs/ffhq-dataset 2023) A tool is

included to check if a given Flickr user account has photos in the set, and the institution

provides a method in case people want their pictures removed. Lastly, a warning states that

the set should not be used for “development or improvement of facial recognition

technologies”.

But no matter how careful the collecting is, the set cannot be better than the data being

gathered. The distribution of Flickr users – and in consequence, of the photos they upload –

is heavily biased towards Western, computer-educated people who can afford the know-how

to store their photographs on the platform, and to select a permissive license. The result is

that it is in all likelihood composed for the most part of photos of white, Caucasian people.

30 https://github.com/NVlabs/ffhq-dataset, accessed August 28, 2023

https://github.com/NVlabs/ffhq-dataset
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To explore this hypothesis, two more panels were made starting from the same 10,000

pictures. For the first, I wanted to use an automated service to identify the ethnicity of the

faces. Unfortunately or not, by that time, commercial providers of AI visual analysis had

made such services unavailable. As such, I looked for a repository of open software that

could do the same task, and found one written by a machine Learning engineer, Donghyeon

Won. (Won 2023) To train his model, he used a dataset from the Chinese University of Hong

Kong, created for the same purpose of learning face attributes.(Liu et al. 2015) The paper

claims that the annotation of the faces, downloaded from the web, was made by a

professional labeling company.

I adapted this software to process my own StyleGAN tableaus. (B. Caldas Vianna 2023) The

only difference to the original repository is a script to process the 10.000 images. I used the

system to classify the faces into different ethnicities and removed the ones automatically

tagged as white. Since they made up most of the images, I ended up with a tableau with

large areas of white space. Then I proceeded to do the same operation but manually – by

looking at each face and deciding if they were white “enough”. By doing this, I immersed

myself in my own judgments, realizing how much whiteness can also be defined by factors

other than the skin. For instance, a mixed man could have the scale tipped towards white if

they wore well-dressed suits.

To frame it within my own concept, the arrangement of Post-colonialism is made of the

forked repositories, my own adaptation which hooks up the ethnic classification to StyleGAN

generated faces, the triptych as a disposition option, and my act of classification. The

tableaux themselves are byproducts, in the sense that any combination of faces and white

space would serve the discursive purpose of the piece.
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Post-colonialism is a comment on the cultural space shaped by hegemonies. The work takes

a stance by appropriating the problematic uses of AI to turn the tables against a colonial

representation. The white space is a testimony to epistemic violence, the bleaching of

diversity in artificial intelligence systems that refer to the underlying world that they intend to

model.

No statistical account of the results is presented, as the panels themselves should be a

visual representation of the biases of the datasets. More images can be found at the

Research Catalogue exposition.31

Post-colonialism, digital print, 300 x 100 cm, 2021

Visual AI’s own linguistic turn

Three developments in AI served to push generative visual techniques away from the training

paradigm, which required hundreds of similar images, and into the text-based, descriptive

prompt. These developments were VQGAN, which was already described, OpenCLIP and

31 https://www.researchcatalogue.net/view/1408828/1408855, accessed August 28, 2023

https://www.researchcatalogue.net/view/1408828/1408855
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finally Stable Diffusion. But the effort to create images from text descriptions started earlier

than this.

In 2015, a new technique allowed the generation of images depicting sequences of digits.

But it was later in the same year that a paper demonstrated what was probably the first

recognizable images built from text captions. (Mansimov et al. 2016) It used a Variational

Autoencoder (VAE) to produce blurry images which were then sharpened by a GAN, a

solution similar to Stable Diffusion’s final upscaling. Another approach published in the next

year yielded much results with much more definition. (Reed et al. 2016)It used GANs as

generators, and although they tested on the generic imageset MS-COCO, which contains 91

categories, the results seemed much better from specialized sets, like the Caltech database

of birds or the Oxford-102 flower set. (Lin et al. 2015; Nilsback and Zisserman 2008;

Welinder et al. 2011)

Other text-to-image systems followed, like StackGAN, StackGAN++, AttnGAN,Obj-GAN and

TReCS (Koh et al. 2021; Wenbo Li et al. 2019; Xu et al. 2017; H. Zhang et al. 2017, 2018)

But the one to draw most eyes for its quality and availability was OpenAI’s Dall·e32. It was

announced in January 2021, with the code and paper being published in February. (Ramesh

2023; Ramesh et al. 2021) A dataset made of 250 million image-pairs was scraped from the

Internet specifically for the project. The training was done through a discrete variational

autoencoder (dVAE) to compress images into a 32 x 32 grid of image tokens, resulting in a

vector with a length of 1024. Each image token can have 8192 values. This vector is

concatenated with 256 tokens of text encoding, which is then used to train a Transformer.

32 https://web.archive.org/web/20210105192048/https://openai.com/blog/dall-e/, accessed August 28, 2023

https://web.archive.org/web/20210105192048/https://openai.com/blog/dall-e/
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This first version of Dall·e could already spawn convincing images from a broad domain of

text prompts. It attracted great interest from the generative AI crowd and the media in

general. But the real push towards text to image would come from another OpenAI release.

OpenCLIP33 was announced in the same day as Dall·e, and it is curious that the company

didn’t use it to power the text to image platform, since it became the de facto standard for

such systems in the following years. (Radford et al. 2021)

It uses the same idea described above: image and text embeddings are trained together as

one long vector. Given any text and image the model can output the probability that the text

describes the image correctly. The fact that CLIP was released as open source was decisive

for its immense popularity. Two weeks after it was published, there was already code

published34 by Ryan Murdock that hooked it up to a BigGAN generator. (Brock, Donahue,

and Simonyan 2019) On the same day, Eyal Gruss35 published his adaptation36, and many

others followed. Katherine Crowson was probably the first to connect CLIP to a VQGAN, in

April: “encode style with CLIP, encode content with VQGAN. in a loop, decode current

VQGAN latent, encode it with CLIP, compare result with style, obtain gradient for VQGAN

latent, update VQGAN latent.” (Rivers Have Wings [@RiversHaveWings] 2021)

The code is probably the one published at this interactive programming notebook37,

although it cannot be confirmed since notebooks are not timestamped. The corresponding

paper was published only in 2022. (Crowson et al. 2022) Keeping track of all these

innovations is not easy, so let’s just bear in mind that VQGAN had been released only a few

37 https://colab.research.google.com/drive/15UwYDsnNeldJFHJ9NdgYBYeo6xPmSelP, accessed August 28, 2023

36 https://github.com/eyaler/clip_biggan/blob/3e131c799bb055798ca3f861344a52e587432921/ClipBigGAN.ipynb,
accessed August 28, 2023

35 https://twitter.com/eyaler, accessed August 28, 2023

34 https://twitter.com/advadnoun/status/1351038053033406468, accessed August 28, 2023

33 https://web.archive.org/web/20210105192307/https://openai.com/blog/clip/, accessed August 28, 2023

https://web.archive.org/web/20210105192307/https://openai.com/blog/clip/
https://twitter.com/advadnoun/status/1351038053033406468
https://twitter.com/advadnoun/status/1351038053033406468
https://twitter.com/eyaler
https://github.com/eyaler/clip_biggan/blob/3e131c799bb055798ca3f861344a52e587432921/ClipBigGAN.ipynb
https://colab.research.google.com/drive/15UwYDsnNeldJFHJ9NdgYBYeo6xPmSelP
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months earlier. (Esser, Rombach, and Ommer 2021) Soon after that, commercial sites

offering text to image renders started to appear. NightCafe38 is launched sometime in May,

selling AI-generated prints and a tool to create them. StarryAI39 launches in August.

But VQGANs have some aesthetical limitations. Some cherry-picked results may look

fantastic, but most times the images show the uncanny blending characteristic of GANs. By

the end of the year, the community started to look into a solution that had first come out on a

paper from 2015. Jascha Sohl-Dickstein, a researcher at Stanford University, had proposed

to look back into non-equilibrium thermodynamics, one of the most ancient concerns within

Systems Theory (Sohl-Dickstein et al. 2015) The concept of entropy can be explained as a

measurement of the degree of disorder in a system. If this system is an image, we can think

of the disorder as visual noise, or in generic data, the diffusion. Entropy can also be seen as

an arrow of time: events that increase entropy are only reversible if energy is put into

reversing the disorder.

One of the concerns of Systems Theory is to explain how spontaneous order appears in

natural processes. Life is an example of self-organization of chemical elements to maintain

and reproduce the living system.

The innovation in Sohl-Dickstein's paper is to use a formula that removes noise from data in

order to reverse the diffusion process. Besides whole images, it showed how this could be

used for inpainting, that is, redrawing parts of the frame that have been lost or masked. Text

to image diffusion appropriates this idea in a process guided by the embeddings obtained by

the text prompt to create a sharp picture.

39 https://web.archive.org/web/20210826024415/https://www.starryai.com/, accessed August 28, 2023

38 https://web.archive.org/web/20200519133524/https://nightcafe.studio/, accessed August 28, 2023

https://web.archive.org/web/20200519133524/https://nightcafe.studio/
https://web.archive.org/web/20210826024415/https://www.starryai.com/
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By the end of the year, several independent programmers were tinkering with Diffusion and

OpenCLIP. It is difficult to make an archaeology of the process, since most of the

development seems to have been done on notebooks in Google COLAB virtual machines,

which don’t save neither timestamps nor a history of changes. In any case, all notebooks I

could find state that the software named Disco Diffusion originated, again, in a notebook by

Katherine Crowson. Versions three40 and four41 can still be found, with credit to

programmers who contributed with different features, like Daniel Russell42 and Chigozie Nri43.

In January 2022, a repository44 was created by with the latest version by Max Ingham45.

Experiments with diffusion at OpenAI were published in February. (Nichol 2023; Nichol and

Dhariwal 2021) In June, it was clear that this process would produce better results than

VQGANs: “Diffusion Models beat GANs on Image Synthesis” (Dhariwal and Nichol 2021) In

December, the company published GLIDE, which combined OpenCLIP with image diffusion,

with the corresponding paper coming out in March 2022. (Nichol 2021; Nichol et al. 2022)

In April, the second version of Dall·e is released46 and it incorporated Diffusion technology.

(Ramesh et al. 2022) In May it was Google’s turn to publish their diffusion-based text to

image platform, Imagen. (Saharia et al. 2022)

46 https://web.archive.org/web/20220406141041/https://openai.com/dall-e-2/, accessed August 28, 2023

45 https://twitter.com/Somnai_dreams, accessed August 28, 2023

44 https://github.com/alembics/disco-diffusion, accessed August 28, 2023

43 https://github.com/ChigozieNri, accessed August 28, 2023

42 https://github.com/russelldc, accessed August 28, 2023

41

https://colab.research.google.com/drive/1DHvr-DSNtlpvf0HgI0QmCLSe_PtShzPH?usp=sharing#scrollTo=5ui9Pco33nCN,
accessed August 28, 2023

40 https://colab.research.google.com/drive/1bItz4NdhAPHg5-u87KcH-MmJZjK-XqHN#scrollTo=BGBzhk3dpcGO,
accessed August 28, 2023

https://colab.research.google.com/drive/1bItz4NdhAPHg5-u87KcH-MmJZjK-XqHN#scrollTo=BGBzhk3dpcGO
https://colab.research.google.com/drive/1DHvr-DSNtlpvf0HgI0QmCLSe_PtShzPH?usp=sharing#scrollTo=5ui9Pco33nCN
https://github.com/russelldc
https://github.com/ChigozieNri
https://github.com/alembics/disco-diffusion
https://twitter.com/Somnai_dreams
https://web.archive.org/web/20220406141041/https://openai.com/dall-e-2/


110

CompVis, the same research group from the Ludwig Maximilian University of Munich that

released VQGAN, developed a diffusion method that trained the models in latent space,

which is much more compact than the image space, allowing faster processing time.

(Rombach et al. 2022) This paper used the Laion 1.45B dataset, a collection of

web-downloaded images 100 times larger than ImageNet. Laion is a non-profit initiative run

by AI enthusiasts, with an interesting role in the aesthetics of AI which will be discussed in

the next section. For now, it is important to know that they also created the Laion-Aesthetics

dataset, a 400 million image subset of Laion-5B filtered by an automated predictor of visual

quality.

The Latent model trained with this dataset was the basis for Stable Diffusion, the platform

that became a standard for text to image synthesis. Laion received support for training the

model from the company Stability AI 47, who then adopted it for its commercial synthesis

product, DreamStudio. It was also adopted by MidJourney 48 in 2022, although they later

started to train their own models.

Stable Diffusion impresses for the realism of the images generated by them. Several control

methods are being developed by independent programmers and added to the open pool of

resources around the model. This is giving creators more and more control of the results, like

defining poses and replacing undesired artifacts. From being bounded to a specific domain –

faces, cats, churches – generative imaging became limited only by what we are able to

express linguistically (at least in principle, since some concepts are still hard to be translated

to visual representations). Most impressively, the technology is not the result of a secretive

48 https://www.midjourney.com/, accessed August 28, 2023

47 https://stability.ai/, accessed August 28, 2023

https://stability.ai/
https://www.midjourney.com/
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closed corporation, but of a highly entangled ecosystem spanning from non-profit

institutions, university researchers, artists, independent programmers and tweakers of

machine learning models, and even companies committed to open sourcing its

developments. Without this open collaborative environment, the development of text to

image systems would not have been so vertiginous.

The generative algorithmic image not based on machine learning already bears a complexity

from its underlying text: code, data, knowledge, described by Nake as the subface of the

image (Lee 2018). With text to image models, relying on vast collections of unaffiliated

pictures, this complexity increases exponentially. To describe these generative systems, I

prefer the term semantic imaging, for reasons that will become self-evident soon.

Independently of how it might be named, the process is the manifestation of an extreme

case of distributed cognition, in the sense that meaning and agency are spread over a variety

of actors like human-made concepts (like code or prompts), data sets, trained neural models

and society.
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Artificial General Intelligence

By now we have seen the evolution of AI-generated imagery from the early strange-looking

results of training GANs, to beautiful translations of prompts into images. We have looked

into the issues raised by the methods they use, namely the fact that in order to output new

content, they need to learn from millions of existing images which were created by humans

using manual or automated tools.

We also have seen how the advancements in computer generated content brought us closer

to the ideal, unreachable autonomy of the art machine. In this section of the project, I’d like

to focus on limitations and potentials of artificial intelligence in regards to this feature. How

much of the results obtained currently by image synthesis models can surprise users by

providing meanings and sensations that go beyond what they are trying to convey? How

does AI deal with ambiguity, metaphors, analogies? Disobedience is a human behaviour

that lies outside machine’s cognition - we could think of it as a valuable innate skill. However,

it was indispensable for the evolution of Western art. By delving into these questions, we

allow new creative arrangements between human and machine, possibly leaning more and

more towards a subjective agency from the side of the algorithm.

If we return to the previous chapters, we can revisit the many examples of hybrid or

non-human art systems. From the mechanisms of Hero of Alexandria to cybernetic art, there

was a constant quest for creating ways to replicate human labor in creativity and

entertainment. Mechanisms for mechanically reproducing artworks abound since the

industrial revolution - lithography, cinema, photography, turntables. Most recently, digital
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synthesis and manipulation have also become powerful tools, allowing the simulation of

musical instruments, movie sets and even actors.

The ultimate art synthesis platforms are today’s machine learning systems. My project aims

to demonstrate how and why they afforded a leap towards autonomous automated creativity

for some reason which I’ll explore, related to unseen uncontrolled uncertainty added to the

generative algorithms, and to the way they fit within societal relations. But before that I need

to clarify what I mean by autonomous creativity and its limitations.

The concept of autonomy in organisms and other entities has been incredibly hard to grasp,

even after decades of efforts from the field of systems theory. Recent insights from

neocybernetics point to the difficulties in delimiting any sort of boundary between a system

and its environment, risking the very possibility of even defining an organism as an element

separate from its surroundings. (Clarke and Hansen 2009, 116) Bateson has already noted

this hurdle when he stated that the unit of survival is a combination of the organism and the

environment. (Bateson 2000) To propose an autonomous entity that spawns artworks is even

more questionable, as art is mostly defined by its relations within society. (Zylinska 2020)

These relations are not only an effect of exhibiting the artwork, but also form a feedback loop

with the result of the influences from society and previous pieces on the creator.

It is not a surprise that authors have applied cybernetical tools in politics in quests for

autonomy. Sciences of self-organization should propose clear ways to foster autonomous

practices at the level of the individual and of the group. "Cybernetics, the science of control

and communication systems throws valuable light on the anarchist conception of complex

self-organising systems" (Ward 1988, 50)
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The idea of applying cybernetics to political sciences surfaced in the early days of

cybernetics and continues to be explored to this date. (McEwan 1987; Sam 1979) As recently

as 2021, Swann proposes to understand autonomy under clear categories. Political

autonomy (as the autonomy from, or independence), is split into individual and collective,

and we can file, for instance, autonomous regions into the latter one. Functional autonomy

(as the autonomy to, ) is divided into tactical (how to get the job done) and strategical (what

needs to get done). (Swann 2021) The appearance of the concept of the DAO (decentralized

autonomous organization), connected to blockchain technology and cryptocurrency cultures,

also inspired researchers to look into such references. (Zargham et al. 2023) We will see how

DAO is incorporated into autonomous artistic projects later on.

Autonomy appears within the arts in the literature of Theodor Adorno, as a resistant force

against culture industry.(Adorno, Adorno, and Tiedeman 1997, chap. 2) He builds on

Immanuel Kant's notion of autonomy with a view of the art object and its capacity to stand

on its own, not relying on context or even the artist. For Kant, fine art is “a kind of

representation that is purposive in itself and, though without an end, nevertheless promotes

the cultivation of the mental powers for sociable communication”(Kant 2000, sec. 44,46) This

defining passage has nonetheless being the subject of much debate on whether it should be

construed as a defense that artworks should be isolated entities with no further purposes

than art itself. (Halsall 2008, 139; Haskins 1990).

In a public discussion regarding creativity in AI, philosopher Sean Kelly argued that art itself

is a social construct. (Kelly, Sean 2019) As such, the intrinsic quality of drawings made by an

imaginary painter robot is not so important. It is society - or the market, or the art world, or a
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social network, or all of them - that determines what is amazing and not. Since I don’t expect

such an autonomous creative robot to be built, all I can do is to evaluate how autonomous

the projects that attempt to build it really are. My project dwells on this fragile scale and on

the small steps some artificial systems have achieved in producing art.

The piece named Photosynthesis, developed in the context of this research and described in

a previous section, displayed some of these steps. It is able to draw original and unique trees

- the byproduct of this particular arrangement - continuously, ad infinitum, as long as it is

exposed directly to sunlight. Eventually, though, it will malfunction, and it will be unable to fix

itself. As technology evolves and projects get more sophisticated, it is not unlikely that such

a device will eventually appear. But for the moment, this only exists in my own speculation.

To support my claims and substantiate the argument, I propose to imagine an autonomous

automated artist, which I’ll call Darci. Darci might or not appear in the near future. It is a

thought experiment, one standard against which I’ll compare current developments. Its

features will be lined out from now on, as some key concepts are elucidated.

Darci is not autonomous in the sense that biological animals are. It cannot fend for itself, like

producing its own electricity, or repairing its parts. In this sense, it is far from being

autopoietic. It is also not the spawn of antecedent Darcis, but it is created by humans. It

does not long for the political autonomy of cybernetic anarchism, although it is likely to

emerge as a consequence of its creative autonomy. But what we propose for Darci is much

simpler on one level, and almost impossible on others: it should be able to create art which

provokes a similar impact in society that an artist would - a noticeable effect.



116

Yuk Hui describes how cognitive scientist Brian Cantwell Smith assessed the development of

AI in a way that resonates this concept: "The intelligent agent must be able to situate itself

within the world, and in doing this, must also recursively engage and modify the world. The

agent and the world must constitute a structural coupling that is not only biological but also

semantic."(Hui 2021, 241; B. C. Smith 2019) This coupling is borrowed - against, outside the

context of cognitive biology and therefore perhaps inappropriately - from the concept of

enactment. "(...) cognition is not the representation of a pre-given world by a pre-given mind

but is rather the enactment of a world and a mind on the basis of a history of the variety of

actions that a being in the world performs".(Varela, Thompson, and Rosch 2016, 9) This

coupling produces meaning as it occurs inwards the system, as the AI models are trained on

millions of cultural references, as well as outwards, as their production resonates within the

world.

But Darci's production must not be a rearrangement of existing ideas, but something new.

All these concepts are really hard to limit: artists are not raised in caves, outside of contact to

previous culture. Therefore, there is always some kind of reenactment even by the most

original geniuses.

Scientist Margaret Boden, who has written extensively on AI, suggests the following set of

criteria for creativity: novelty, originality and unexpectedness. We will deal with the last

requirement further down in the text, when discussing the concept of surprise. In Boden's

concept, unexpectedness presupposes new arrangements of ideas across different fields. It

is one of the expected capabilities of Darci. Novelty is a given in the case of computers,

which can be designed to output unseen combinations starting from a programmed set.

Originality, in her terms, is the potential to explore a known field and find novel outcomes
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within it, which is something that machine learning models are particularly useful for. They

posit their aesthetic latent space at the fingertips of creators and of the machines, laying it

open for explorations and reconfigurations.

Another model of creativity, now from the literature of psychology, proposed four different

types of the concept, named as the four Cs: (Kaufman and Beghetto 2009)

- Mini-C would be the personal type of creativity that is related to learning

processes - "meaningful interpretations of experiences, actions and insights"

- Little-C would be the universal human gift of dealing with everyday problems

and creative self-expression

- Pro-C is the creativity used professionally, whether required by trade or not,

that does not bring special eminence outside their field.

- Big-C is the groundbreaking type, capable of making original contributions with

the potential to change the field or society.

Just like the different types of creativity, the imaginary autonomous artist would only have an

impact on society if it fits in the BigC category. And as we shall see, it is difficult to make the

argument that even the best generative tools don't reach above the MiniC level, meaning that

they might be good at learning but not at breaking from the learned domains.

The goal of this Doctoral Thesis in Fine Art isn’t to build Darci or initiatives with the potential

to perform as fully creative and autonomous artists. This would require expanding the scope
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of the research to include concepts of consciousness and artificial general intelligence, as

we’ll see. Nonetheless, it is important to visit some of the important discussions on these

issues, as a way to grasp the limitations of the systems being built today.

As we have seen in the introduction, the concern regarding the ability of machines to

generate “original” things was born together with the first computer programmer, Ada

Lovelace. Her comment on the impossibility of the analytical engine to “originate anything” is

in line with my own conjectures on the impossibility of a machine that can disobey.

Computers are tools, much like scythes or cars, which are designed to perform certain tasks.

When a software generates a compelling image, it does so because some humans

engineered it and instructed it to do so.

Human artists are different. Among the most admired traits in art is the capacity to turn

against the expected, the settled, the unwritten code. Arguably, Western art evolved by

dialectical opposition to its own previous standards. (Hui 2021, 31) The Renaissance

perspective was a denial of medieval flatness. Impressionism denied the literal

representations of newborn photography (and took the studio to the streets, much like

photographers did). Then it was the Cubists’ turn to reject natural perspective and so on.

Examples of transgressive art abound. Artists often intentionally break the law, sometimes as

a means of expression, sometimes as a consequence of what they want to achieve. Activist

art often relies on trespassing or subjecting itself to censorship in order to draw attention to

issues. Graffiti artworks are most times crafted on private or public-owned property, forcing

graffiters to be in permanent clash with security enforcement. The point being made is not

that disruption is indispensable to the evolution of art: other cultures might not rely so much
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on creative ruptures. Chinese art, for example, places emphasis on inheritance and

preservation. (Hui 2021, 31) But the effects of disobedience are visible, and without it, the

world would look very different today. Engineering a well-behaved autonomous system to

make art would be meaningless when faced with more subversive talent.

The definition of a computer - or a Turing complete machine - is of a device that performs

behavioral patterns according to the symbols laid down on a tape. (A. M. Turing 1937) Not

following these rules would make it stop working. It is against its nature and purpose. We

tend to wonder and fear the idea of misbehaving machines because of the human tendency

to anthropomorphize them, by projecting our own disposition to defy written rules. To give

this feature to a program would be to give it agency, which is a human, if not also biological,

trait. (Brembs 2010)

I’ll deviate momentarily from the argument to explore the idea of adding rule-changing

abilities into the program itself. An acclaimed video game named Baba is You allows players

to do exactly that. The rules of this game, in plain English, can be seen as the user is playing.

“Wall is stop” would mean that the characters cannot cross walls. But the characters are

able to move the words around and when that sentence is modified by removing the word

“stop”, the character is free to go through walls. “Key is you” would make the controlled

character be a key instead of the standard sheep/dog protagonist Baba. Of course, this

implies just that another layer of laws was created by the programmer - a code of codes.

This is similar to Russell’s paradox, which appears in his and Whitehead’s Principia

Mathematica, and was later disproved by Gödel, as discussed in the introduction. Basically,

a formal system cannot be defined by its own rules or it becomes paradoxical. An external,
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independently defined set of rules is necessary for its consistency. Another way of visualizing

this paradox was proposed by Cretan philosopher Epimenides: “All Cretans are liars”, that is:

if all Cretans are liars, this statement by a Cretan is also a lie. On the other hand, if the

statement is true, then Epimenides is not a liar and therefore not all Cretans are liars. One

way to solve this contradiction would be to have a non-Cretan to declare the same thing,

making the paradox disappear. In other words, an externally defined rule would be

necessary.

What remains to be understood is the human process of not following programmed rules.

The rules of survival in nature include self-preservation and procreation; however, humans

often opt not to reproduce and may even decide to purposely one’s own life. Of course, I’m

falling again into the trap of projection, this time supposing that a human brain works like a

code-abiding computer, when they belong to completely opposite domains. Besides the

obvious material distinctions - carbon-based entities against silicon and metal contraptions -

there is a major difference in the way information is encoded. Biological neurons are analogic

in the sense that the signals received and emitted from them have a wide, continuous range

of values. Computers, in opposition, use the binary system, where all information is stored as

atomic units of zeroes and ones, true or false. With only these two possible states,

computers have the capacity to preserve enormous amounts of data and perform any

calculation that can be transcribed into symbols. It can even organize the analog information

that constitutes the simulation of neural networks powering the recent developments in AI.

Beyond the brain simulation aspect, which has not been the case of artificial neural networks

for a long time, it is inevitable to realize that the success of these networks in representing

and producing knowledge is exactly the fact that their analog information structure (the
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network) does not rely on symbolic logic (except to the extent that we cannot escape the

need to program these systems symbolically, since that is how computers of today work).

Yet there are prominent researchers like Gary Marcus (G. F. Marcus and Freeman 2015, 209)

or Timothy Jorgensen (Jorgensen 2022) who defend the view according to which the brain is

a computing machine, or perhaps billions of these. (Humphries 2019) After all it can be seen

as a device that receives and processes information, outputting new knowledge as well as

actions. (G. Marcus 2015) There is also the argument that even biological entities must follow

nature-defined rules within the limits of chemistry and physics, the model of the neuron

belonging to the most basic building blocks of thought. Therefore, there are efforts to figure

out the working code of biology, much like McColough and Pitts developed the model of the

neuron. Scientists describe this as reverse engineering the brain. “In general, reverse

engineering is a method by which we take an already made product and systematically

explore its behavior at many levels of description so as to synthesize (that is, build) a similar

product” (Eliasmith 2015)

This is a daunting task. The brain is made of millions of neurons, plus other components

whose function has not been completely determined yet, like the glia - the cells around

neurons that keep them in place. Many approaches are being adopted to tackle the problem,

like for instance the use of biological elements to build Turing-type computers as a starting

point. (Păun 2019) Slime mold is a type of fungus known to be able to control its growth in

any direction, finding for example the shortest path to food in a maze. Using this property,

scientists were able to build logic gates, one of the fundamental components of

computation. (Adamatzky and Schubert 2014) This idea was also explored by artist Jenna

Sutela. (Sutela 2017) But that is a proof-of-concept effort, still eons away from replicating the
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workings of a computer, let alone the mysterious mechanism of the wet brain. We don’t

know if we will ever have methods to decipher its logic: researchers made an experiment

where the research tools from biosciences, developed to analyze neurological activity, were

applied to reverse-engineer a rudimentary chip used in video games in the eighties. The

results were frustrating: they were unable to “meaningfully describe the hierarchy of

information processing in the microprocessor.” (Jonas and Kording 2017).

Therefore, the question remains. How can an entity based on such simple rules allow the

emergence of complex, contradictory, and creative outputs, including disobedience? These

speculations lie much beyond the ambitions of this project, but as an exercise, could we

explain the emergence of unexpected actions and thoughts in nature (to which humans

belong) exactly because these rules are intrinsic and not “external”?

By veering into these musings, we walk straight into the terrain of artificial general

intelligence (AGI), or singularity or strong AI. All these terms are defined around the possibility

that a machine might eventually display cognitive and reasoning capabilities that match or

surpass humans in general. Recent applications of AI are able to extensively simulate

reasoning, as it is the case of OpenAI's ChatGPT. This has given new breath to the

contemplation of AGI, which could be imminent or unlikely, depending on the point of view.

One case that received considerable attention was the claim made by former Google

researcher Blake Lemoine about LaMDA, one of their language models. (Tiku 2022) Lemoine

was doing ethics work on the LLM and wrote an internal document suggesting that the

question whether LamDA was sentient should be investigated seriously. In his words,

“(LaMDA) wants to be respected as a person. We believe that its argument at least deserves
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to be examined.” The quote indicates not only that Blaine considered the possibility that the

model became sentient, but also that this sentience automatically implied that it could be

seen as a person. Google’s management dismissed his concerns, despite the fact a bit

earlier, their vice-president published a piece in The Economist saying he “increasingly felt

like I was talking to something intelligent”. (Agüera y Arcas 2022)

Unfortunately, much of this conversation is dominated by fear-mongering and catastrophic

forecasts, which do little to contribute to the problems brought by the types of machine

cognition that are already implemented today. Most of the prominent AI scientists, like Yan

LeCun and Melanie Mitchell, agree that this is a science fiction scenario still far from reality,

even with the impressive recent achievements of the field. Nevertheless, fear sells, and a

different group of thinkers that believe we should prepare for the worst has been able to

dictate the public discussion. One of its most visible acts was an open letter49 asking for a

pause in the development of large language models, published by the Future of Life Institute,

and signed by more than a thousand recognized researchers and entrepreneurs, such as the

aforementioned Gary Marcus and the current CEO of Twitter, Elon Musk. Many of them

subscribe to the view that humanity faces an "existential risk" unless there are safeguards to

prevent a powerful enough malicious artificial intelligence from obliterating humankind,

intentionally or not.

Researchers Timnit Gebru and Émile Torres, known by their work in ethical constraining of AI

developments, proposed to label this groups as TESCREAL50 - for “transhumanism,

50

https://web.archive.org/web/20230315114628/https://twitter.com/xriskology/status/1635313845400113153,
accessed on April 18, 2023

49

https://web.archive.org/web/20230418021533/https://futureoflife.org/open-letter/pause-giant-ai-experiments/,
accessed on April 18, 2023

https://web.archive.org/web/20230418021533/https://futureoflife.org/open-letter/pause-giant-ai-experiments/
https://web.archive.org/web/20230315114628/https://twitter.com/xriskology/status/1635313845400113153
https://web.archive.org/web/20230315114628/https://twitter.com/xriskology/status/1635313845400113153
https://web.archive.org/web/20230315114628/https://twitter.com/xriskology/status/1635313845400113153
https://web.archive.org/web/20230418021533/https://futureoflife.org/open-letter/pause-giant-ai-experiments/
https://web.archive.org/web/20230418021533/https://futureoflife.org/open-letter/pause-giant-ai-experiments/
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extropianism, singularitarianism, cosmism, Rationalism, Effective Altruism, and longtermism.”

Describing these ideologies and concepts would require too long a detour, but in general

terms they consider that the elimination of future risks for humanity, specially in the form of

an uncontrollable AI, should be a greater concern than the societal and technological

problems of today. Torres goes as far as finding roots for transhumanism in the development

of eugenics. These views are funded by a string of Silicon-valley funded think tanks such as

the Machine Intelligence Institute, Singularity University, LifeBoat foundation, and Future of

Life Institute, the originator of the letter. Among their funders we can find Paypal's Peter

Thiel, Ethereum's Vitalik Buterin and again, Elon Musk. (Torres 2021) Nick Bolstrom and Ray

Kuzweil are two of the eminent writers who subscribe to the catastrophic AI view.

It is unfortunate that, as a consequence of this schism, the reflection on AGI comes much

more often from the perspective of the apocalyptics. One of the most interesting recent

theories on the possibility of agency within artificial intelligence comes from Karl Frison,

originally a researcher from the field of brain imaging. Much of the information available

around this proposal, however, comes from LessWrong, a blog founded by Eliezer

Yudkowsky, founder of the Machine Learning Institute and known for posts where eugenic

practices are contemplated. (Yudkowsky 2012) Even if I'll refer to a post from this same blog

in the discussion, I would like to disclaim that the text comes from a different author and

make no reference to Yudkowsky's thinking.

This theory has to do with notions of intentionality discussed previously, that is: how

representations of the environment are created in a system. (Friston, Kilner, and Harrison

2006) The proposal is known as the Free Energy Principle (FEP). It is rooted in mathematics,

and its application on biological entities is not so straightforward. Among the attributes that
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make it interesting is that it wraps itself around important questions of systems theory, in

particular the study of information physics. What the principle states is that systems want to

minimize the amount of free information (as a type of energy), as a way to minimize the

amount of surprise in its representation of their environment (or circumscribing system).

Considering the mind as a system embedded in the physical world, one could say that free

energy “is the difference between the states you expect to be in and the states your sensors

tell you that you are in”. (Raviv 2018) In this interface between the “inner” system and the one

that contains it, that is, the boundary so difficult to be defined by system theorists, lies

another mathematical construct named the Markov blanket. (A. Clark 2017)

The Markov blanket takes its name from a reduction in the total number of variables in the

outer system to a number with which some random information can be inferred by the

contained system. By filtering the amount of information coming from outside to a smaller

set which is enough for inference, the system runs more efficiently. According to Frison, all

system boundaries are Markov blankets, from the membrane of cells to social group rules.

(Ramstead, Badcock, and Friston 2018) In the brain, this compression operation is performed

on a continuous basis, with inferences being updated to maximize the probability of

prediction correctness, to the effect that new sensorial information is coming in, in a

recursive effect.

According to Friston’s theory, actions are also a free-energy minimizing operation: the body

attempts to provide an outcome that satisfies the mind’s agency. Other researchers based

on FEP define agency not as an on-off condition, but a gradual quality, with some systems

having more than others. (Leventov 2022; Levin 2022)
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Agency—a set of properties closely related to decision-making and adaptive action which

determine the degree to which optimal ways to relate to the system (in terms of

communication, prediction, and control) require progressively higher-level models specified

in terms of scale of goals, stresses, capabilities, and preferences of that System as an

embodied Self acting in various problem spaces. This view of agency is related to those of

autopoiesis (Maturana and Varela 1980) and anticipatory systems (Rosen 2012).

This is also coherent with the continuous view of agency which I proposed with the

autopoetic agential arrangements. Agency is not an absolute property which one has or has

not. Agents can posit a wide scope of different intensities of human and machine

expressiveness.

Interestingly for us, Leventov also proposes looking at the internal makeup (configuration) to

understand the concept. The ability of a system to use its free energy to rewire itself

(self-program) would be an indicator of the system’s agency. “The extreme version of this is

when an agent can't rewire itself at all: the energy cost of rewiring is infinite. Note that this

“extreme” version, in the energetic sense, is actually extremely common, for example, in AI,

where agents almost never have the ability to change their own source code. Human brains,

for comparison, can rewire themselves to some small degree, although their general makeup

is fixed to a fairly detailed level.” (Leventov 2022)
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The continuum of agency (Levin 2022) (CC-BY)

This also implies that even a rock has a degree of agency. This is not of much value to the

discussion, so we should ponder a threshold from which the agent can perform actions of

interest.

One way to gauge these actions would be to measure the amount of surprise. The question

of surprise is complex since we cannot escape the perspectivism of the concept. The

unexpected can only be defined once we have a border defining the expectation. Yet I

perceive that the current art world holds surprise as more than a permanent expectation, as

a constant demand from artists to explore new terrains, rather than to develop and refine

existing paths. I believe this requirement is made more visible in the case of art made

through algorithms, as surprise would represent the human missing element in such

creations.

Researcher Sylvie Delacroix also starts from Ada Lovelace’s origination quote to propose a

classification of surprise as a concept: (Delacroix 2021)
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Diagram by Sylvie Delacroix, CC-BY-4.0 (Delacroix 2021)

Besides the distinction between trivial and model-changing, Delacroix remarks the important

difference between downstream interpretation - caused by our incapacity to foresee every

possible outcome of an operation - and the upstream originality, which originates at the

agent. The combination of these vectors is the co-produced surprise. For the author, the

examples in the upper right square are not obtainable by computers, and scientists looking

only into the free-energy principle of surprise minimization run the risk of never enabling this

type of insight.

After studying the state of investigation around surprise, Delacroix concurs that “unlike

operational autonomy, creative autonomy entails the ability to imagine how things could be

different (including the norms that structure one’s environment)”. (Delacroix 2021, sec. 2.1)
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Surprise is important for systems aiming for operational autonomy, like roaming robots,

because they should be prepared to make decisions even when facing data that was not

included in their training set. Most research on AI is focused on mitigating this particular

unexpectedness, instead of increasing or aiming for the surprise needed for creative

autonomy. As such, ”today’s systems (just like Turing’s) are still far from achieving such a

degree of interpretive sophistication.”, (Delacroix 2021, sec. 2.1) where the reference for

interpretation is based on Hanna Arendt’s account for originality. “The very originality of the

artist (or the very novelty of the actor) depends on his making himself understood by those

who are not artists (or actors).” (Arendt and Beiner 1992) In other words, surprise must work

in two ways. Autonomous systems also need to surprise, but also need to be able handle

surprise and correctly interpret unexpected data.

Perhaps what is most striking about generative AI today is that it has this shared web at

hand, in the form of models trained on huge amounts of cultural artifacts: text, images,

songs. In my view, what’s really missing is the method to attain the not so trivial challenge of

challenging expectations. Darci, of course, would boast Delacroix's creative autonomy, built

from the amalgama of networked cultural artifacts.

When I discussed the concept of disobedience, I considered acting unexpectedly as a highly

valued artistic skill. This seems to contradict the Free Energy Principle since the base of the

theory is to minimize surprise. But there’s a difference to where the surprise resides:

systems must minimize free energy between their predictions of the world and the

measurement that results from their actions, while an autonomous artist must create surprise

in the space of the expectations of the outer system, not the ones from itself - a duality

noticed by Arendt, as we've just seen. This contradiction is evident when talking about neural
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networks, who must minimize the error of their outputs when they are trained: “Unfortunately,

here things become very counterintuitive because we cannot help but think about the

predictability as training loss and training prediction. This is a mistake: training loss reflects

DNNs’ predictability to us (humans), not the predictability of their observations to them.”

(Leventov 2022)

And again a paradox appears: we can train a network to produce results that escape the

training space, but then these results would be expected, not surprising. What are the limits

for designing something that is expected not to behave as expected? In the case of Darci,

our groundbreaking imaginary autonomous artificial artist, it seems like the paradox won't be

solved. Let's consider, for instance, that it gets a reward every time it generates artwork that

breaks with its training data, in order to stir the creation of artwork aesthetically farther from

the human-made originals; and that somehow it is still able to produce outputs that can be

meaningful for spectators, the art world, and society at hand. Even with these amazing

results at hand, it is still a rule-abiding robot. It seems like a creature with even greater

human-free agency would have to be imagined.

The concepts of agency, enactment and creativity appear often together. (Bown and

McCormack 2011) It is safe to assume art is by origin related to the concept of skill. The

etymology and ancient use of the word demonstrate that it would denote not just creative

work but also the fine abilities of shoemakers, masons, carpenters.(B. Caldas Vianna 2022)

Yet, as arts dissociated from sciences and began to be used to indicate different kinds of

self-expression, the prominence of skill in being creative gradually lost importance to the

choice to create. One important inflexion point in this continuum of agency was the

submission, by Marcel Duchamp, of an urinal to an art exhibition in New York City in 1917.
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The turn from the skillful production to the appropriation of an everyday object highlights the

detachment of the concept of an artwork from its handcraft, and the emergence of agency

as the driving force behind creation.

To illustrate my point, here is a quote from the May 1917 edition of The Blind Man, an art

journal edited by Duchamp, Beatrice Wood and Henri-Pierre Roche. It appears in an article

named “The Richard Mutt Case”, after the pseudonym under which the fountain was

submitted to the show.

“Whether Mr. Mutt with his own hands made the fountain or not

has no importance. He CHOSE it. He took an ordinary article of

life, placed it so that its useful significance disappeared under a

new title and point of view – created a new thought for that

object.” (Duchamp 1917)

This is also an inflection point in the direction of the arrangement. Its byproduct - in this

case, the urinal - is less relevant, in the sense that it could have been replaced by a bathtub

to a similar effect. Its relevance here is superseded by the agency of the author in positing

the arrangement.

Strange creative loops

Fortunately, not every theory around the emergence of agency orbitates around

transhumanist ponderings. One of the most stimulating frameworks is inspired by music and

visual art, and tries to explain how the human mind can overcome the self-ruling paradoxes

from Gödel's mathematics into acquiring ambiguous, self-ruling complexities from basic
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biological functions. Douglas Hofstadter builds upon the music of Bach, and visuals of

Escher, besides Gödel himself, to draw examples in self-governing paradoxes which he

names “strange loops”. (Hofstadter 2000) These loops find themselves in complex

assemblages where one hierarchy controls another which may come to control the first one

in indirect ways. Their circularity implies that climbing (or going down) the hierarchy might

take one back to the point where the journey began.

“In our thoughts, symbols activate other symbols, and all interact heterarchically.

Furthermore, the symbols may cause each other to change internally, in the fashion of

programs acting on other programs. The illusion is created, because of the Tangled Hierarchy

of symbols, that there is no inviolate level. One thinks there is no such level because that

level is shielded from our view.” (Hofstadter 2000, chap. XX)

The inviolate level of unchangeable rules mentioned here would be the biological structure of

our neurons, the fixed rules dictated by physics and followed by nature. It is worth digging a

bit deeper into the processes Hofsdtadter proposes for the emergence of the self.

Nonetheless, a warning about this theory must be made. Gödel’s mathematics are used by

Hofstadter as an analogy, not as a literal model of how the mind is formed out of the

electrical impulses in our neurons. Like in Friston's work, it cannot (and doesn’t intend to be)

empirically demonstrated, at least with the resources available to science today. It only

proposes a metaphysical explanation of how high-level, complex thinking could emerge from

simple physical phenomena.

Hofstadter’s strange loops occur in the interaction between the mind, the symbols stored in

memory (which represent the reality around us), and the physical layer underneath it all. A
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Gödel sentence (“This statement is a lie”, for instance) is an unprovable statement that can

be built within a formal system (such as a number arithmetic) but cannot be proved within it.

The only way to make sense of it is to look at it from another level, and in this way, this other

level influences (it has a causative relation) the lower level. In this theory, this higher lever is

the mind (or self, or consciousness) and it emerges because it has self-mirroring capabilities,

representing the world at the same time it builds itself (a child is not born with a complete

“self”, it constructs it through relations with others and the world). This agency is built by the

electrons in the neurons at the same time it controls them. As N. Katherine Hayles notices

much of this emergence happens on an unconscious level, in the process she names

nonconscious cognition. (Hayles 2017, chaps. 1 and 2)

The analogy proposes a way to understand the relations between mind and brain, but no

hints at all of how to replicate them artificially. At the same time, it says that there is nothing

to stop it from being built from simple symbols and physical structures. This does not

exclude the possibility that one day a strongly autonomous creative device can be developed

- it is just not feasible right now, with transistors and a binary formal system.

New Turing tests

One of the most debated thought experiments on agency is called “The Chinese Room”, and

it was proposed by philosopher John Searle as an argument around understanding. (Searle

1980) Nonetheless, it has been reused to discuss the Turing Test as well as consciousness

itself.
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The argument proposed to use inference as evidence of understanding. Let's go back to the

thought experiment where a person is locked in a room whose only contact to the outside

world is through slots on the wall. The man doesn’t speak Chinese, yet he is asked to answer

questions about a story written in this language. A skillful group of programmers, however,

has prepared cue cards (whose explanation is in English, which the man understands) that

allow him to reply correctly to anything that is asked about the story written in Chinese. This

man is analog to the hardware of a computer, while the cards are the software program.

Searle’s claim is that, while the man has agency and no understanding of the story

whatsoever, he is still capable of explaining details about it. In other words, it passes the

Turing test, but doesn’t feature intelligence (at least as a measure of understanding) or

agency (it is just following instructions). Therefore, the British cryptographer was not correct

in assuming his conversational proof would be enough evidence.

The article proposing the Chinese Room was written in 1980, at the height of symbolic AI. It

is full of references to programmatic manipulation of symbols: “what (the programmed

computer) it does is manipulate formal symbols. (...) The computer, to repeat, has a syntax

but no semantics. Thus, if you type into the computer '2 plus 2 equals?' it will type out '4.'

But it has no idea that 4 means 4 or that it means anything at all. (...) All the computer has is

more symbols.”

Today, subsymbolic AI has come to dominate the field, and scientists don’t direct their

efforts much towards direct formal manipulation, preferring rather to train neural network

models to process information. One of the most successful of such models is ChatGPT -

https://chatgpt.openai.com51 - released by the company OpenAI in late 2022, which allows

51 https://chatgpt.openai.com, accessed August 29, 2023

https://chatgpt.openai.com/
https://chatgpt.openai.com
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users to have natural language conversations with it. These text-based systems are known

as LLM, for Large Language Models.

As mentioned before, Searle proposes inference as a method to evaluate understanding. The

paper describes two stories to illustrate it. In the first a man goes to a restaurant and orders a

hamburger, but he storms out of the restaurant without leaving a tip since the sandwich

arrived burned like a lump of charcoal. In the second, the man gets a fine-looking

hamburger, and leaves a generous tip. The question is: did he eat the hamburger? We would

naturally infer that he did in the second story, but not in the first. No computer in the 1980

would be able to process these anecdotes and be interrogated about them. But ChatGPT

serves perfectly the purpose, so I put it to the test. The interaction regarding the second

story was as follows:

Q: I will tell you a story and ask some questions about it.

A: Sure, I'd be happy to hear your story and answer any questions

you have about it. Please go ahead and share it with me.

Q: A man went into a restaurant and ordered a hamburger; when

the hamburger came he was very pleased with it; and as he left the

restaurant he gave the waitress a large tip before paying his bill.

A: That's a short and simple story. Is there anything in particular

you'd like to ask me about it?

Q: Did the man eat the hamburger?

A: The story doesn't specify whether or not the man ate the

hamburger, but it does say that he ordered one and that he was
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pleased with it when it arrived, so it can be assumed that he did

eat it.

Much as Searle himself noted that “the point at issue is the adequacy of the Turing Test”,

looking for inferences might also not be adequate to attest understanding. More impressive

still could be the reaction to the first story:

Q: I will tell you a story and ask some questions about it.

A: Sure, I'd be happy to hear your story and answer any questions

you have about it. Please go ahead and share it with me.

Q: A man went into a restaurant and ordered a hamburger. When

the hamburger arrived it was burned to a crisp, and the man

stormed out of the restaurant angrily, without paying for the

hamburger or leaving a tip.

A: Thank you for sharing your story with me. Based on this story, I

can answer your questions. What would you like to know?

Q: Did the man eat the hamburger?

A: The story did not mention whether the man ate the hamburger

or not. It only states that the hamburger was burned to a crisp, and

the man stormed out of the restaurant angrily, without paying for

the hamburger or leaving a tip.

This is an appropriate answer from a logical point of view, but I still wanted to incite the

platform to makes its own assertion:
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Q: Do you think he ate the hamburger?

A: As a language model AI, I don't have personal opinions or

feelings. Based on the information provided, it is not specified if

the man ate the hamburger or not. The story only states that the

hamburger was burned to a crisp, and the man stormed out of the

restaurant angrily, without paying for the hamburger or leaving a

tip. It is impossible to infer whether the man ate the hamburger or

not.

While still refusing to risk an assertion (which is inconsistent with the previous story), it

recognizes the limitation on thinking and at the same time manipulates correctly the concept

of inference. The main issue highlighted by Searle’s provocation remains nonetheless: it is

not possible to assert if the entity inside the room has its own agency or if it is just executing

orders.

Unfortunately, ChatGPT is not a tool that allows such experiments to be replicated. Since

there is a randomness in every interaction, the results are not exactly the same for every

question. Furthermore, contrary to the initial practice adopted by OpenAI, the company has

not shared this model publicly, making it impossible to reproduce experiments in an

environment outside of the company sandbox. (Burnell et al. 2023) For the sake of

consistency, I asked the model these questions three times and obtained the same

interpretation everytime, with different wordings. In any case, this is not quantitative

research, and the experiment should be taken anecdotally. Data-intensive analysis is not the

goal of this doctoral investigation.
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Other versions of the Turing test have been proposed, some of which are of interest because

they convey the use of artworks as an evaluation resource. Selmer Bringsjord proposes that

a system will be considered intelligent if its output is recognized as an example of artistic

expression. In a nod to Ada Lovelace conjectures, he proposed to call it the Lovelace test

(Bringsjord, Bello, and Ferrucci 2003) Lev Manovich also proposed the AI Arts Turing test,

provoked by the proliferation of synthetic reproductions of works from known artists. In his

rendition, an art historian must be tricked into believing that the forged piece was created by

the artist and not by the machine. (Manovich 2019)

Philosopher David Chalmers once proposed dividing the questions of mind into easy

problems and one hard problem. Easy problems are questions like “How does the brain

process environmental stimulation? How does it integrate information?”. Research on AI has

shed light on how some of these “structures and functions” could work, as it has been able

to replicate them. But the hard problem remains: subjectivity, consciousness, self-reflectivity.

“Why is all this processing accompanied by an experienced inner life?” (Chalmers 1997, xii,

xiii) For some, the Chinese Room experiment is the definitive proof that the problem of

consciousness can never be solved. For even if a device can perfectly simulate a conscious

being, we may never find out whether the device is actually conscious or just mimicking

consciousness. (McGinn 1999)

For this project, this question is not so crucial. We are interested in the ability for Darci to

successfully simulate an autonomous human artist, but it doesn’t matter if it is conscious of

what it is doing or not, as long as its output has an effect on the outside living world. More

than that, in the attempts to forge such an autonomous contraption, new assemblages will

appear, and they are likely to inspire and shed light into the challenges of consciousness.
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Arrangements around autonomy and language

Two experiments in collective agency

The idea of an autonomous artist is not new. We have seen in the introduction how early in

our history this yearning for automated creativity has started. In the wake of the blockchain

frenzy, two projects were developed incorporating this technology in order to provide some

aspect of autonomy to the distribution of the works. We will also see what was done to

provide them with some type of agency.

The projects detailed here use the blockchain as a platform for storing a reference to the

artwork (like a link to an image stored on-line), and also as the marketplace for their

negotiation. It is worth understanding the preference towards the blockchain, since there are

simpler alternatives for these requirements. The blockchain as we know today was first

proposed in a white paper published under the pseudonym of Satoshi Nakamoto.(Nakamoto

2008) The breakthrough provided by the paper was the ability to create a trustless distributed

ledger. To add a new entry to this virtual accounting book, a user has to solve a

mathematical puzzle that requires heavy use of the processing power of the machine

(namely, to do a proof-of-work). Modifying an existing entry would require recalculating all

previous puzzles, making the entries on such a database practically unalterable by design.

There are disadvantages of such a solution: the growth of Bitcoin usage means that as of

now a single transaction can take hours to be carried out. This makes its application on

e-commerce impractical, and forces most users to rely on third-party websites to execute

such operations, like Binance or the now bankrupt FTX. These “exchanges” do not enjoy the

safe, trustless standards of Bitcoin. They suffered thefts amounting to billions of dollars. This
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weakness also appears when the blockchain is used to register real world features, such as

land use or environmental sensors, making its use questionable. (Wüst and Gervais 2018).

Besides, the heavy usage of processing power built into the system makes it unsustainable

in terms of ecological footprint. In 2019, the total electricity use of the Bitcoin network

reached the equivalent of a country like Belgium. (Badea and Mungiu-Pupӑzan 2021) This

problem is circumvented by new architectures of the blockchain, specifically the ones where

proof-of-work is replaced by proof-of-stake. In this mechanism, the validation of new entries

is dependent on the amount of ownership of the blockchain (the “stake”). That is the case of

blockchain projects such as Tezos, Algorand or Polygon. However, this solution creates an

incentive to hoard ownership, going against the decentralized spirit of the chain. In late 2022,

the second most-used blockchain, Ethereum, moved from proof-of-work to proof-of-stake,

making it environmentally sounder.

Both projects also make use of non-fungible tokens (NFT), which is an application of the

blockchain, so let’s take a look at them. The original Nakamoto paper proposed the storage

of financial operations within the blockchain. This is a very small amount of data, which

works well for its distributed aspect. Still, as of January 2022, the complete blockchain file

for Bitcoin was already 348 gigabytes in size. This must be stored in every computer mining

new blocks in the network.

But the stored transaction data can actually be replaced by other sorts of data. This is what

is behind the “smart contracts”, short pieces of code stored on other chains like Ethereum’s .

And it is also behind non-fungible tokens - unique data identifiers used to represent all sorts

of monetizable assets such as digital images, songs, and even colors. The question of what

representation of the art is stored on the chain haunts the use of such tokens. Since most of
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the artwork traded is digital, it would seem to make sense to save the jpegs, gifs, mp3

directly on it. The problem is that even a small image - of say, about one megabyte - would

be too expensive to store in traditional blockchains. On Ethereum, one of the most used

blockchains for NFT, storing 256 bits will cost 20000 “gas” (their unit name for transaction

costs).(Wood 2014) 256 bits are 32 bytes, therefore one would be 640 million gas to store

one megabyte. As of January 31st, 2023, the cost of the cheapest gas unit is about 0.80

USD. So yes, it would cost about 512 million dollars to place such an image there. Ethereum

switched the underlying technology to what is known as proof of stake, a drastically more

ecologically efficient way of verifying transactions. The Bitcoin chain, however, continues to

increase its electricity consumption and ecological footprint.

On some cheaper, smaller platforms, the problem is not so remarkable. But the architecture

of the blockchain will always penalize storing big chunks of data, as it must be replicated so

many times. So the projects where artworks are stored on the blockchain are almost

non-existing. And what does get stored there? As the name states, a token, an unique

identifier that will need to refer to some other database to deliver the actual file containing

the work, that could even be a URL pointing to a website location where the piece can be

found. This is the NFT: a blockchain reference to an asset that is not stored on the

blockchain itself.

So let’s see the first of these systems. Abraham.ai, in their own definition, is “an open project

to create an artificial artist in the cloud.” In a paper that delineates the project, artist Gene

Kogan explains that his idea is to “build an AI which autonomously creates unique and

original art.”(Kogan 2021) H52is definition of originality is twofold. It is related to uniqueness,

52 https://abraham.ai/, accessed May 15, 2023

https://abraham.ai/
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which implies that this particular creativity can not be replicated elsewhere. And it also

resides on the ability to forge one’s own style. This is a valuable claim since it also matches

this doctoral project’s persuasion on artistic subjectivity.

The proposal suggests a DAO (decentralized autonomous organization) which not only would

be responsible for the coordination of the system, but also for proposing creative inputs.

DAO is a concept that emerged within blockchain culture. It stands for an organization

whose rules are defined by its participants, but are executed and enforced by an algorithm.

Due to its transparency and inviolability, the blockchain shines as the perfect support for

DAOs.

In principle, any generative art with a large enough random space will always produce unique

new works. But Kogan’s concern is that this style would be reproducible by anyone with

access to the underlying algorithm. Therefore, his proposal is to have a machine learning

model trained by inputs from the participants, where each participant has access to the data

from others. Only the machine “sees” the complete secret: “leaving behind no easy way to

recreate the same dataset a second time.” Then, taking advantage of the NFT markets, its

works can be sold, with the proceedings reinvested in its maintenance and shared between

the members of the DAO.

When I first found Abraham, its distributed creative aspect was already implemented. Users

could generate images based on text prompts, thanks to an interface to a VQGAN+CLIP

script. The gist of the project assumed a biblical language which fits well within the concept

of a godly autonomous entity. Their prophecy is that “The Chosen People believe that

Abraham will become an autonomous artificial artist on the Sunday 13 years after the first
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Miracle. At that point, Abraham must demonstrate agency and the ability to create unique

and original works of art.“ (Kogan 2021) Users need “manna” to make creations. These are

tokens based on the Ethereum platform, and are distributed by the “chosen people” -

members of the Abraham DAO, accessible on the Abraham channel in the discord chat

platform. To receive manna, users must have an Ethereum wallet connected to the site. Every

Sunday, the creation with the most manna will be minted as an NFT on Ethereum and put up

for sale, but this feature is also not yet functional.

"to thrive is to extinguish" Image generated by Abraham.ai

By letting the DAO members decide on the most relevant output, Abraham delegates

agency. The problem of evaluating the artwork is not solved, but transferred to human

cognition. In terms of the autonomy we are looking for in this research, Abraham goes full

circle: the images are spawned from texts written by the community, and are also judged by
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the same community. Very little is left to the device. The “I know not what” - the undefinable

element of art proposed by Alexander Baumgarten when first defining aesthetics - is

provided by Abraham’s human counterparts. (Baumgarten 1763)

One interesting element of the project is a Abraham chat bot, available a few hours a day in

their chat platform. It has been trained to impersonate the virtual artist, sustaining

conversations on several subjects such as artificial intelligence, art, decentralization or

cryptoeconomics. Unfortunately, by the time of writing this thesis, the project didn’t seem

very active, with the last image having been crafted more than two months ago (December

2022). A message53 on the project chat on January 25th, 2023, said it was being updated

with a new backend, and it was taking longer than expected.

Botto - https://www.botto.com - is another cooperative art generating system, that also

appeared in late 2021, and also with a manifesto54 tainted with evangelical tones. “Today we

stand in awe of numbers, the almighty digits, and that which can be multiplied thousands of

times. We honour the infinitely transmissible and unique. We sing to the machine that creates

and the software that pieces together artworks. Artificial intelligence is the embryo, like

myself, of a superior being created by man.” (Botto - The Manifesto n.d.)

It is backed by a community, whose participation is conditioned to spending bottos, its own

Ethereum-based currency. Differently from Abraham’s manna, bottos are not distributed and

must be exchanged (bought) for ethereum. By staking (investing) bottos on the project, one

is allowed to vote on the pieces. But the right to vote isn’t the only benefit: the investment

54 https://www.botto.com/dashboard/manifesto, accessed March 23, 2023

53 https://discord.com/channels/573691888050241543/573691888482123778/1067842150118719650
Accessed March 23, 2023

https://discord.com/channels/573691888050241543/573691888482123778/1067842150118719650
http://www.botto.com/
https://www.botto.com/dashboard/manifesto
https://www.botto.com/dashboard/manifesto
https://discord.com/channels/573691888050241543/573691888482123778/1067842150118719650
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buys you a stake in the project, meaning that every time one of their pieces is sold, bottos

are returned to the investor. An eventual profit can be traded back into hard currency.

Voting is important because it guides the development of the artwork. Every week, 350

pieces are created. originally with VQGAN+CLIP, from text prompts generated by a GPT-3

model. After September 2022, the model was updated to Stable Diffusion. The community

preferences influence both the visual style and the texts for next week’s production. The only

human curatorship happens when the descriptions of the artworks are generated: Botto’s

team will select one of them from about 5-10 automatically generated texts. Like in Abraham,

the most voted piece every week will be minted as an NFT and put for auction. By Feb. 4th,

2022, fifteen artworks by Botto had already been sold.

The NFT market website used by Botto is named Superrare55. It is powered by the Ethereum

blockchain, and it also offers a currency of its own. When a piece gets minted on Superrare,

it is given an internal reference identification (the token). This number is what is actually

written onto the blockchain. Should Superrare go offline, the connection between the

number and the images could potentially be lost.

Even if it is developed by a group of enthusiasts, the project states that its idea derived from

a white paper written by AI artist Mario Klingemann in 2018. The paper is not available

anymore, but documentation states that Mario is the sole responsible for the generative AI

components of the project.

55 https://superrare.com/, accessed March 23, 2023

https://superrare.com/
https://superrare.com/
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Like Abraham, Botto relies on human input in the form of voting to exert artistic agency on

the results. We could say it has a slightly higher degree of autonomy since the text prompts

are generated automatically, however there is a curatorship of these texts made by the

administrators. In the end, they don’t reach - as expected - the autonomy dreamt for Darci.

The fact that both Botto and Abraham use a similar shortcut to make up for the lack of

creative impulse in artificial intelligence helps bring their limitations into sight.

Both these projects illustrate well my concept of arrangement. The most important creation

in these projects is the system itself, and it is not by any chance that they were designed by

artists. It is a common view to not to embrace these contraptions as art pieces. That’s

understandable, since they don’t look like works of art. We don’t usually see inventions as

art pieces. But I stand up for the view that they are the result of research, a longing to

communicate, to create wonder and their particular kind of beauty, and therefore Botto and

Abraham are autopoietic agential arrangements. As such, their creative value should be

considered greater than the byproducts - the visuals they generate.

Artistic component: AIKU

This piece was also on display at the Singular exhibition during the Research Pavilion in

2021. AIKU was an effort to map the circumstantial limits of functional creative autonomy

provided by AI technologies at the time. The goal was to create an arrangement that

replicated a rudimentary system of musings. The software would look for random images

from Wikipedia. A neural network recognized automatically the objects depicted in these

pictures, and used the results to feed another network which was trained to produce haikus

inspired from these prompts.
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Visitors could see a small color display with the Wikipedia images and the labels over

recognized objects. A smaller text-only display would show the haiku generated from what

the machine saw. The initial idea was to use images from a camera, but there would be too

little variation considering what could be photographed in the gallery.

A secondary goal was to try to make the system as autonomous as possible, avoiding the

use of computers, and minimizing the amount of energy needed. As with Photosynthesis and

Crank of Life, this led to a choice of using single board chips. Google developed a portable

chip named Coral, which had the promise of delivering AI capabilities to mobile devices. This

potential intrigued me as a possible component for an autonomous agent. However, the

project showed that capabilities of any system not based on huge, power-hungry GPUs are

very limited. Coral used an image recognition network named CoCo56, that is limited to 90

categories and makes constant mistakes.

56 https://www.coral.ai/models/object-detection/, accessed May 20, 2023

https://coral.ai/
https://www.coral.ai/models/object-detection/
https://www.coral.ai/models/object-detection/
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AIKU. Raspberry PI, OLED display, CORAL TPU, networked intelligence

The Coral was connected via USB to a Raspberry PI, a single chip computer that controlled

the whole system. Unfortunately, no portable device at the time could run the textual models

required to generate Haikus. Therefore, after getting the prompt results, the raspberry sent a

request through the internet to my personal laptop, which replied with the poem. Finally the

poem was displayed on a small screen, also connected via USB to the raspberry. My PC ran

OpenAI's GPT-2 open model specially trained to write haikus.(openai/gpt-2 2019) The

generative code was forked and adapted from another repository, which in its turn was also

forked from a different project. The code for the complete AIKU system is published on

Github. (B. Caldas Vianna 2021a). Video and textual documentation are available at the

research catalogue57. (B. Caldas Vianna 2021b) The name of the piece is a wordplay on AI,

the Finnish stem for "adult", aiku and the Japanese poetic tradition.

At the time of writing, new systems are being published which allow neural generation of

texts in raspberries. The scenario is changing fast: It is likely that the limitations of AIKU were

57 https://www.researchcatalogue.net/view/1408828/1408854, accessed August 29, 2023

https://openai.com/research/gpt-2-1-5b-release
https://github.com/brianweet/gpt-2-haiku
https://www.researchcatalogue.net/view/1408828/1408854
https://www.researchcatalogue.net/view/1408828/1408854
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circumstantial. But while demonstrating the very limited autonomy which AI systems at the

time could afford, AIKU also proved that such systems are most surprising, and probably

most poetic, when they stumble upon errors and imperfections. The CoCo network would

identify a cigarette pack as a refrigerator, and generate a poem about cold. Mishaps like

these happened often, and led to unexpected configurations of representation, language,

interpretation.

Language experiments and affordances

In my view, what allowed the greatest leap in generative art is the fact that the recent models

are guided by written language. As a consequence, the affordances and limitations of

meaning in texts are conveyed into play. To dive into this idea, I’d start trying to understand

the complicated relation between the representation and what is being represented - a

persistent theme in philosophy.

The most obvious presence of language in these models appears in the process of

transforming a textual input into a vector, which in its turn will generate an image in the

process of diffusion. We'll get to that soon. But there is another underlying question which is

how concepts such as dog, car, tree exist within the neural network? We will see that eidetic

reduction, a process proposed by phenomenology, is very similar to the process in which

neural networks reduce visual concepts and store their representations as an abstraction that

can hold endless instances of the object.

A traditional computer system is only able to keep (and therefore represent) specific, direct

instances of an object encoded into a representational system. An image can be split into

rows and columns of pixels, each of these holding a value that represents a color. Hence, it

could not hold a generic representation of, say, a dog. Only a specific image of a dog with a
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fixed size, texture, physical traits. A machine could also keep in its memory a generic type of

reference, such as the word “dog”, hence successfully registering the concept of the animal,

riding on the resources of linguistic representations. Each letter is given a small slot, a code

translates it into a binary number, and the same scheme in reverse is used for decoding. The

same result could be obtained by a structured classification system where a unique identifier

would represent a species - number one for dogs, two for cats and so on. A written language

based on ideograms follows a similar scheme. But again, this method fails to create the

endless instances of each category - like different races or ages.

Enter neural networks, which are created from a large number of examples. In visual GANs,

as we have seen, the models are specialized in specific categories or styles: human faces,

churches, dogs, etc. When I ask the network to reproduce one category, it won’t display a

predetermined specimen, but one among the endless possible representations of the

concept stored in it. The actual examples used for training, for instance, should never appear

in the resulting set. More than that, the location of specific features like eyes or paw can be

found within the networks, together with embeddings that say that doors don’t belong in

clouds, or that cats do not have wheels. (Bau et al. 2018) This representation is stored in

neuron models and not linguistic models. Both methods have similar results - the word dog

represents an abstraction of the concept, and the neural network stores the abstract visual

concept of a dog. It is not clear which of these methods is prevalent in the biological brain,

that is, an abstract concept of the dog encoded in neurons or the semantic representation

based on language. Both Vygotsky and Piaget share the belief that children have thought

processes before learning a language.
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This is not to dismiss the importance of language for thought and creation. The Sapir-Whorf

hypothesis postulates that language influences the way we think, an effect that could affect

LLMs. (Scholz et al. 2022) And in fact, if I weren’t writing such enquiries, they would remain

as confused thoughts: written language is a powerful tool to organize arguments. More than

that, and in the opposite direction of the argument, language also allows for imprecise

denotations which open themselves to poetic connotations. This freedom of meaning is

sometimes similar to the openness of concepts inside neural networks. It is one of the

reasons it makes them powerful assistants for creative practitioners. It contrasts with the

strict hermeneutics of symbolic computing, where behaviors are hardwired into the program,

and unexpected results are difficult to obtain.

At the turn into the 20th century, several thinkers drew their attention to language and how it

shaped the individual and our understanding of reality. The so-called Linguistic turn brought

to foreground the relations between linguistic structures, thinking and the world. This is also

the birth moment of analytical philosophy, while in continental philosophy it also led to

structuralism. In my view, the efforts of these philosophers to understand these relations

overlap in many ways the processes that happen in computer science when language is

mapped onto images or concepts into neural network data. Limitations of analytic

philosophy - the attempts to formalize language through mathematical tools - resemble the

shortcomings of symbolic artificial intelligence, overcome by the elastic properties of

meaning within neural networks. The mapping of concepts into words reflects the image to

text models, or even more, the way ideas are represented in generative textual systems that

use machine learning.



154

Gottlob Frege was one of the first leading thinkers of the linguistic turn, which has a strong

presence of thinkers with mathematical background; much of the work done by them was an

effort to apply the achievements obtained in this field on to language. After all, it does seem

possible that grammatical rules could share qualities with the laws of mathematics. In the

text On Sense and Reference (Über Sinn und Bedeutung - sometimes also translated as

Sense and Meaning) Frege treated sentences as functions, where the meanings could be

exchanged by equivalent values (both ”morning star” and ”evening star” denote the planet

Venus), but with different senses. The sense of a sentence built with "morning star" will be

different if the term is replaced by "evening star", even if they are identical references. (Frege

1948, 210) He literally uses the equation a = b to explain the concept of equivalence in

language. Frege’s work was preceded and was influenced by important studies in number

theory and logic, and was continued by Bertrand Russell.

Russell, together with Alfred Whitehead, wrote the cornerstone work Principia Mathematica,

a compendium on the foundations of the field. As we have seen in the first part, the book

was the basis for questioning whether mathematics could prove itself, which was later

refuted by Gödel. In his essay On Denoting (1905), Russell also applied symbolic logic to

text. “(...) One would suppose that "the King of France is bald" ought to be nonsense; but it

is not nonsense, since it is plainly false” (In 1905 France didn’t have a king).(B. Russell 1905)

By saying that the sentence is false, Russell is applying the logic where statements can be

only true or false. But for language, this limitation is a shortcoming. It can be said that the

sentence, for instance, is absurd, therefore falling outside these two categories. (Strawson

1950) We could also say it is ironic, or that it is poetic. Yet Russell’s goal was not to embrace,

but to eliminate such ambiguities of language.



155

“It was Russell’s belief that by using the new logic of his day, philosophers would be able to

exhibit the underlying “logical form” of natural-language statements. A statement’s logical

form, in turn, would help resolve various problems of reference associated with the ambiguity

and vagueness of natural language.“ (Irvine 2022)

After enabling the development of computers, the symbolic logic developed by these

thinkers also stalled the evolution of computational thought, in the exact sense that it did not

allow for ambiguities. It was necessary to look upon the biological inspiration of neural

networks (and the increase in computing power) to enable a mechanical representation that

could incorporate linguistic poetic devices such as polysemy and abstraction.

Wittgenstein’s trajectory is an illustration of the difficulties in taming language. The

Austrian-born philosopher’s first take the issue, his Tractatus Logico-Philosophicus (1921),

defines what is known as the early Wittgenstein philosophy, including the picture theory of

meaning. The theory proposes a one-to-one relationship between names and the world: ”A

name, if there is no object that it signifies, is meaningless: it is not a name at all.” The original

term for meaning - Bedeutung - reflects Frege's premises. But the later Wittgensteing will

propose a radically different view, stating the meaning of words derives from their use - "Die

Bedeutung eines Wortes ist sein Gebrauch in der Sprache." (Wittgenstein and Anscombe

2003, sec. 43) The text also unfolds what he calls elementary propositions, which are built

from names, and depict states-of-affairs. A composition of elementary propositions form a

proposition, which represent facts, which in their turn constitute the ”totality of the world”.

(Grayling 2001)
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There is an immediate difficulty with this direct relation. Linguistic signs can have multiple

meanings. But the early Wittgenstein proposes an idea that will be interesting for this project:

that there are things impossible to be expressed through language, and should only be

"shown."

“What can be shown cannot be said,” that is, what cannot be formulated in sayable

(sensical) propositions can only be shown. This applies, for example, to the logical form of

the world, the pictorial form, etc., which show themselves in the form of (contingent)

propositions, in the symbolism, and in logical propositions. Even the unsayable

(metaphysical, ethical, aesthetic) propositions of philosophy belong in this group—which

Wittgenstein finally describes as “things that cannot be put into words. They make

themselves manifest. They are what is mystical”. (Biletzki and Matar 2021)

The Tractatus finishes with the proposition, ”Whereof one cannot speak, thereof one must be

silent”, (TLP 7) , allowing to conclude that his concerns include around the limits of language,

the ineffable. What would the early Wittgentein say if faced with semantic visual machines,

that would generate a graphic representation of any given written concept? Granted, the

results they produce from intricate concepts seem to be no more than figurative visual

gibberish - "philosophy of language" could yield a landscape with a cliff, for instance. I don't

believe this is "showing", in the sense intended by Wittgenstein. In fringe cases like this, the

machine still lacks the ability to transform concepts into images. But the fact that they're

trained on vast amounts of human visual culture, could be enough to justify an investigation

into these results as a tool to understand the methods we use to express the inexpressible.
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The latter Wittgenstein realizes the limitation of one-to-one relationship. In posthumous

works, he delineates language-games, a concept that allows for the multiple possibilities in

the signs.(Wittgenstein and Anscombe 2003) This leads to the following postulate on words

and their usage: ”The meaning of an expression is what we understand when we understand

that expression. Understanding consists in knowing the expression’s use across the variety

of language-games in which it occurs”. (Grayling 2001, 95)

Isotopes - words which encode more than one meaning - and ambiguity are integral

components of poetics: "the interpretation of a metaphorical text requires the greatest

flexibility, on the part of the interpreter, in rearranging the most venerable and higher nodes

of current dictionaries." (Eco 1986, 85) Machine learning created methods that incorporate

these components into the generative imaging. This opened the potential for new

arrangements in human-machine collaboration that we are only beginning to see. We will

explore this potential with examples soon.

Edmund Husserl, almost simultaneously, establishes the phenomenology school of thought

with his work Ideas (1913) to study the relation between the objects and how we represent

them in our consciousness. Again, the question of how things and concepts are represented

within our minds begs to surface. Husserl recycles the terms noema and noesis from

classical greek philosophy by way of his mentor Franz Brentano. As usual, there is

controversy around concepts. For the purposes of this research it is enough to note that

noesis is the mental act of facing and incorporating the noemata - mental objects - into our

consciousness. "The intentional process of consciousness is called noesis, while its ideal

content is called noema." (D. W. Smith 2018) But another of Husserl’s concepts turns out to

be very familiar to those working with machine learning processes.
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We have seen how Eidetic reduction, for phenomenologists, is the process by which the

noemata are simplified, their main common traits identified, and stored - to use a vocabulary

from computer sciences. It is how we achieve “an intuition of the eidos (Greek: “shape”) of a

thing—i.e., of what it is in its invariable and essential structure, apart from all that is

contingent or accidental to it”. (Eidetic reduction | philosophy | Britannica 2023). Summarizing

a visual or textual concept is one of the great achievements of neural networks, and it is how

current models can generate any number of images of houses or paragraphs with

motivational texts, or "prompts".

Now, it is important to stress that these generations are deterministic. It is true that they’re

based on random numbers, and will give different images for each different initial parameter.

But if I take note of one initial random seed and parameters, I can repeat the process with

and will obtain the same result, pixel by pixel. This is useful for investigating the models, but

it also gives it a deterministic character that rarely happens in analog, human-based image

creation processes. It is difficult to imagine a painter that is able to create two identical

paintings, unless some sort of mechanical process is involved.

The ability to store concepts brings interesting features for neural networks, and it is a

consequence of how they deal with language. For the next part of my argument, I’ll focus on

three other features of language of importance to visual neural networks, which are

abstraction, metaphors and polysemy. My argument is that the affordances of language

created the greatest poetic leap in generative art, in particular because they incorporate the

poetic devices of language. The tension between the rigidity of the image and the flexibility
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of text is solved only by talented practitioners like film directors, cartoonists, illustrators. But

text to image systems bridge this gap in ways that have yet to be explored.

Linguistic affordances: metaphors

No algorithm exists for the metaphor, nor can a metaphor be

produced by means of a computer's precise instructions, no

matter what the volume of organized information to be fed in. (Eco

1986, 139)

Umberto Eco wrote this well known passage at the height of symbolic AI, when researchers

believed the whole of human knowledge would one day be codified in symbols and

manipulated to eventually, perhaps, even understand and create metaphors. He mentions, in

this same book, the idea of ‘frames’, as developed by Marvin Minsky and others. Such

frames would be able to handle the context of symbols, thus establishing a relation between

sleep, pillow and bedroom for instance. (Eco 1986, 72). “A frame is a data-structure for

representing a stereotyped situation, like being in a kind of room or going to a child’s

birthday”. (Minsky 1974) These efforts by semioticians and computer scientists were focused

on coding rules based on dictionaries and encyclopedias, and didn’t foresee the potential for

neural networks to deal with unstructured raw information.

“Therefore, when a text theory aims to establish a "frame for frames" (Petöfi 1976), it is

attempting both to discover textual rules and to set up a more organized and comprehensive

notion of code as encyclopedic knowledge.” (Eco 1986, 73)
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As it happens, the large language models of today can “solve”, if not all kinds of metaphors,

at least the basic mechanism of analogy. OpenAI’s playground area has an example of how

to ask the Davinci-003 model to generate such structures58. And if I want it to interpret one of

Eco’s examples, I can ask:

What do "teeth" represent in this phrase:

“The teeth of the mountains crossed the clouds.”

To which the model responds:

In this phrase, "teeth" may represent sharp, jagged peaks of mountains that

seem to cut through the clouds.59

A reply that satisfies the concept of framing, correctly interpreting a stereotyped situation,

except that it didn’t rely on the symbolic strategies devised by Petöfi or Minsky. But our

research is not focused on text: we want to explore the potential for visual metaphors (Carroll

1994), which is an even more complex issue.

Coming from a filmmaking background, I always held the translators of feelings, concepts,

stories into graphical representations in the highest account. The ability to create visual

metaphors is the raw matter of the trade of political cartoonists, for instance. It is the finest

skill of the greatest filmmakers, photographers, illustrators and graphic advertisers. Yet there

is no school that can summarize and teach this type of talent, which requires not only

imagination but also a vast knowledge of visual culture. The adage says “an image is worth a

59 Parameters used: “Mode: complete”, “Model: text-davinci-003”, “Temperature: 0.5”, “Top P: 1”

58 https://platform.openai.com/examples/default-analogy-maker, accessed May 25, 2023
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thousand words”. Yet, as Brazilian cartoonist Millôr noticed, it is almost impossible to try to

express this thought through an image.

This problem appears in studies of language and theory of cinema. The monocle of the

czarist doctor in Battleship Potemkin (Sergei Eisenstein, 1925) becomes a symbol for the

Russian monarchy. The act of strangling is referenced by a glove, or the inner struggles of a

character in the background are revealed by the dragging of a cross in the foreground.

(Martin 1985) In Buster Keaton’s The Navigator, the main character is saved from drowning

by a girl. When his life jacket is cut open, water bursts out of it. Deleuze viewed this scene as

a representation of a new birth of the character. (Deleuze 1989)

Metaphors appear when different semantic domains are cross-referenced. For instance,

plants do not have feelings attributed to humans, such as euphoria or fear. But I can,

poetically, attribute a feeling to a tree. This operation would imprint some traits around the

feeling to the representation of the plant. So let’s see how the Stable Diffusion would render

the concept of a sad tree.

A sad tree
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Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 1668587877,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 2331660682,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 3098093810,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 3319957080,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

The model is able to abstract elements related to the feeling of sadness - lack of colors,

death (lack of leaves), isolation - and apply them to the generated trees. The “framing”

provided by the text-image pairs during training was able to identify these elements and

combine them, much like it could identify the token “yellow” and apply it to a tree. Testing

sadness with other subjects like “car” and “beach” yields similar results.
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Using a metaphor which contains an abstract concept like sadness might be better for the

model, since it won’t have to resort to literal references in its network. So I decided to also

test Eco’s metaphor and asked the same model to draw “the teeth of the mountains”,

expecting to see uncanny mountains shaped like an actual tooth or bearing organic textures.

Yet the results followed the metaphor rather than the literal interpretations, returning jagged,

natural looking alpine peaks.

The teeth of the mountains cross the clouds

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 2679823761,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 815958456,
Size: 512x512, Model hash: 4c86efd062, Model: Stable
Diffusion 1.5

The OpenCLIP image to text model that is used to generate these images can also be used

to interrogate them. There is a model, named OpenClip Interrogator, specifically trained to

output prompt texts from images. On a side exploration, I decided to check if the textual

metaphors would reappear when the images created from them were fed to this model: they

don’t. These are the results from the four “sad tree” images above:
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a black and white photo of a tree in a field
with no leaves on it and a bench in the
foreground, Ansel Adams, 35 mm film
grain, a charcoal drawing, tonalism

a large tree with no leaves in a field with a
sky background and a few clouds in the
sky, Chris Friel, ambient occlusion, an
ambient occlusion render, naturalism

a large tree with a very large trunk and a
very tall trunk with a very long trunk, in a
grassy area, David Brewster, cinematic
still, a detailed matte painting, naturalism

a tree in a field with a sky background
and a foggy sky in the background, with
a single tree in the foreground, Chris Friel,
desaturated, an ambient occlusion
render, art photography

And from the “the teeth of the mountains cross the clouds”:

a view of a mountain range with clouds in
the foreground and a blue sky in the
background with a few clouds, Derold
Page, adobe lightroom, a matte painting,
naturalism

a view of a mountain range with clouds in
the foreground and a blue sky with white
clouds in the background, David Begbie,
volumetric fog, a matte painting,
naturalism

Both experiments resulted in literal descriptions of the images. The metaphors are gone. This

is not a judgment on the capabilities of the interrogator. It is likely to have been fine tuned to

do exactly that. It is also possible to imagine a different tuning of a model in order to allow it

to create symbolic descriptions of pictures, which begs the question: would screen readers

benefit from having the ability to create non-literal descriptions? Would a caption be more

precise if it foresaked precision for poetics? What would be the consequence of

metaphor-based captions?

Linguistic affordances: abstractions

Another feature of textual languages is that they can afford to represent abstract ideas. This

issue is relevant for visual metaphors: how can a quality, like for instance empathy, be

expressed in images, if it is not an object? Using language, abstract thoughts are readily

available. To convey the feeling of hunger, one can simply write the corresponding the textual
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word, as just did. But to represent it in images, a poetic operation in the space of

hermeneutics must be made. This translation opens up a wide range of solutions, each one

with particular effects. To express hunger in a movie, for instance, one might choose to use

cinematic montage to concatenate the face of a man with a plate of food, as in the well

known demonstration of the Kuleshov effect. (Barratt et al. 2016; Kuleshov 1974) It suffices

to use the word nostalgia to describe a certain feeling of longing, but a filmmaker might need

a whole feature film to illustrate it. A rap group can exhort the audience to "fight the powers

that be" and the listeners will immediately grasp it. Showing these powers is not such a

straight task.

The models tested didn't perform so well, especially compared to the cinematic

counterparts. "Hunger" produced images of food dishes, vampires, monstrous tongues; the

expression "powers that be" alludes to superheroes, while the prompt "nostalgia" generated

empty landscapes and vintage vehicles. They fared better in representing feelings like

"loneliness", "sadness", "happiness".

In some experiments, negative prompts were added. These are meant to avoid elements

from appearing in the images. Many of these concepts evoked text or human figures, which I

wanted to avoid, not always successfully.

"Powers that be"
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Steps: 20, Sampler: Euler a, CFG scale: 4.5, Seed: 822582987, Size: 512x512, Model hash: 637d5dcb91, model
Stable Diffusion 1.5 Negative prompt: "text, words, letters, man, woman, person"

"Hunger"
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Steps: 20, Sampler: Euler a, CFG scale: 4.5, Seed: 822582987, Size: 512x512, Model hash: 637d5dcb91, model
Stable Diffusion 1.5 Negative prompt: "text, words, letters, man, woman, person"

"Nostalgia"
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Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 822582987, Size: 512x512, Model hash: 637d5dcb91, model
Stable Diffusion 1.5. Negative prompt: "text, words, letters, man, woman, person"

loneliness sadness happiness

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 822582987, Size: 512x512, Model hash: 637d5dcb91, model
Stable Diffusion 1.5 Negative prompt: "text, words, letters, man, woman, person"
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Linguistic affordances: polysemy

Another poetic device of language we have seen is the ambiguity of language. Text to image

models are based on words, and they often have multiple meanings. I started to explore the

result of using words as crane (which can be both the bird and the construction equipment),

and I was pleased to see the same example being quoted in OpenAI's OpenCLIP founding

paper. (Radford et al. 2021) The other example given was boxer (athlete and dog breed), so I

cherry picked some outputs generated using polysemic words as prompts:

Three cranes in the city Boxer

Steps: 20, Sampler: Euler a, CFG scale: 7, Seed: 1370280603,
Size: 512x512, Model hash: 637d5dcb91, Model: Stable
DIffusion 1.5

Steps: 20, Sampler: DPM2 a, CFG scale: 3, Seed: 3322400630,
Size: 512x512, Model hash: 637d5dcb91, Model: Stable
DIffusion 1.5
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It is interesting to notice that often the concepts are blended in the same visual element.

Other isotopes also generated interesting results, like trunk, which alludes to the animal, tree

part, storage cabinet and even the car part.

trunk

Steps: 20, Sampler: Euler a, CFG scale:
4.5, Seed: 3945618734, Size: 512x512,
Model hash: 637d5dcb91, Model: Stable
DIffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale:
4.5, Seed: 3945618738, Size: 512x512,
Model hash: 637d5dcb91, Model: Stable
Diffusion 1.5

Steps: 20, Sampler: Euler a, CFG scale:
4.5, Seed: 3945618739, Size: 512x512,
Model hash: 637d5dcb91, Model: Stable
Diffusion 1.5

fan seal
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Steps: 30, Sampler: Euler a, CFG scale: 7, Seed: 1008289568,
Size: 512x512, Model hash: 637d5dcb91, Model: Stable
diffusion 1.5

Steps: 10, Sampler: Euler a, CFG scale: 7, Seed: 1654577914,
Size: 512x512, Model hash: 637d5dcb91, Model: Stable
diffusion 1.5

Noticing the curious results outputted from isotopes, that is, words with multiple or

ambiguous meanings, I decided to write a new experiment. I wanted to be able to navigate

around a concept and generate its different meanings. In order to do that, I took advantage

of the mathematical properties of the models. Once a prompt is defined, it gets split into

tokens, small units of symbols and letters that might or not correspond to full words. "Powers

that be", for instance, becomes the sequence:

<|startoftext|>

powers

that

be

<|endoftext|>
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These units have corresponding id numbers from a vocabulary, that in this case, has 49408

listings, becoming a sequence of numbers:

49806

9422

682

655

49407

Another operation then transforms this sequence into a collection of 768 floating point

numbers. This is the latent vector, which encodes the "location"of both the text and

corresponding image in the latent space. If this were a bidimensional map, it would be easy

to imagine a circle around this coordinate: to explore this place, we could look into what is

stored in points in a circle around it. But working on a space of 768 dimensions requires a

mathematical trick, an algorithm proposed in 1972, that will help us obtain points on the

surface of what is called an n-sphere. (Marsaglia 1972)

In the grids below, the left image is the one generated by the prompt. The others are

obtained by exploring an n-sphere around the coordinate. The code is very simple and was

uploaded to a repository. ( bruno Caldas Vianna 2023)

boxer
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seed: 10000002, num_steps: 25, sphere_radius: 5, model: Stable Diffusion 1.5,

trunk

seed: 10000002, num_steps: 25, sphere_radius: 5, model: Stable Diffusion 1.4,

However, the latent vector is not the only variable which defines how the final image looks.

As the parameters cited next to the images indicate, other choices include the number of

steps , the sampler, the seed. This last one is important for us since it defines the random

noise from which the diffusion process starts. Repeating the seed allows us to recreate the

same image, from what is called a pseudo random number generator. Asking for a true

random number, or feeding it with a different seed, would generate a different image within

the same semantic region of the latent space.

Voidism
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A last experiment around text to images models is presented now. In Voidism, I propose

images generated using Stable Diffusion where the text prompt is empty, that is, nothing is

conveyed for the system to translate into images. I present the results without much

elaboration, since their context will be discussed in the ending section. For now, I suggest

absorbing the qualities of the pieces while trying to fathom some sort of intrinsic

transcendence.
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Aesthetic issues

As in with Botto and Abraham, voting-as-agency also appears unexpectedly in one of the

most important pieces of the Stable Diffusion generative system - and possibly of other

generative AI models. As seen previously, Stable DIffusion was trained on a huge image-text

pair dataset named Laion, composed of 5 billion images downloaded from the Internet

together with their textual captions. But the actual set used for training was not the original

5-billion collection, but a smaller subset named appropriately Laion-Aesthetics. So how did

aesthetics end up in big data?

Aesthetics judgements are notoriously difficult to automate. Computer art pioneer Friedrich

Nake identifies two efforts in the early days of computational media to provide methods to

evaluate aesthetic quality, one by Max Bense in Stuttgart and another from Abraham Moles

in Strasbourg. (Nake 2012) This aesthetic evaluation is not limited to art production, and in

fact it doesn’t place beauty, which is subjective, in the center of the question, as Baumgarten

defined it. (Baumgarten 1763) Influenced by Shannon’s Theory of Information, recently

published at their time, Bense and Moles set off to find mathematical functions that could

beget an analytical understanding of the features of an aesthetic object. Since Moles was

more focused on time-based media, music in particular, we will take a deeper look at the

proposals of the former.

One of the inspiring grounds for this analysis was laid out by American mathematician G. D.

Birkhof, who related concepts of order (O) and complexity (C) to define the aesthetic

measure M. (Bense 1998)
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𝑀 = 𝑂
𝐶

Thus it reveals itself as a theory of organization and simplicity, where greater orders of

complexity would jeopardize the aesthetics in question, and Birkhof explored this idea

extensively on polygons. The refinement of this work was done in great part by PhD students

of these professors. Rul Gunzenhäuser made the equivalency of complexity with Shannon’s

average statistical information H. (Gunzenhäuser 1962) Helmar Frank brought the concept of

surprise into these equations, underlining again the importance of creating outside the

expectations of the system for a meaningful aesthetic contribution. By the end of the 1950’s

there was already a set of equations that could be used to evaluate a given image. (Nake

2012, 8) This in turn was applied by students to perform a series of evaluations on what

included industrial design objects and architectural façades in the late 1960s. It was also

used by Nake himself during a residency at a computer center in Toronto. There he reached

the conclusion that in order to satisfy the equations, the output would be closer to “a

probability distribution: an infinity of images”, which resonates strongly with the infinite latent

space of current generative AI methods. The same experience led him to dismiss the

application of information theory towards an algorithmic aesthetics: “This simplistic model

was good enough for the study of traffic over telephone lines, but it had no relevance for the

study of human communication. The essence of art is of a totally different kind.” (Nake 2012)

Nake also notes that:

If we adopt the position that aesthetics is concerned with sensual cognition,

algorithmic aesthetics must by necessity reduce sensual cognition to those

aspects, or approaches, that are standard, common, or average within a

https://www.zotero.org/google-docs/?broken=9LRfty
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population and do not depend on individual living persons. A model agent must

be assumed as the target. (Nake 2012)

Which leads us to the matter at hand: what was the aesthetic criteria - or algorithm - used by

Laion to select about 15% of images from the original dataset that were used to train Stable

Diffusion? As it happened, it was a voting system. Once more, generative systems turn to

human agency to afford some kind of aesthetic resolve.

The documentation on the Laion website (Laion n.d.) states that three different rating

systems were used to filter images down from the big set. These systems didn’t select

pictures directly, but instead the voting results were used to train a neural network, named

predictor, which was then used to select the most “aesthetic” images from the 5-billion large

main set.

If the predictor is trained by humans, and since aesthetic judgment is a highly subjective trait,

the question inevitably appears: who were the humans who voted? Whose taste was

imprinted in the model that might be spawning images in the order of millions every day

now? This required a bit of investigative work which is not yet entirely concluded.

The creation of the Laion dataset is owed to a group of hobbyists led by Christoph

Schuhmann, who in his turn is not a data science professional, but a high school teacher

working in Hamburg. (Rainer et al. 2023) Some of the information gathered here is the result

of my direct interaction with Schuhmann in the Laion discord chat environment.

https://laion.ai/
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While they were gathering (scraping, in the big data jargon) their large collection, another

digital tinkerer named John David Pressman60 was concerned with how to create “aesthetic

models to guide AI generated imagery into better satisfying human preferences.” (Pressman

2023b) For this purpose, he programmed a bot that ran in the discord chat platform. This

contraption would display AI-generated images to the users, who would rate them in a scale

from 1 to 10. The results were anonymized, stored and made available publicly on a

database.(Pressman 2023a) Unfortunately, Pressman didn’t reply to my inquiries, and I

couldn’t identify in which context these data were collected. Discord bots must always run in

discord servers, which are usually associated with some institution or group. It is the most

popular interaction platform among the visual AI crowd, therefore there exist open servers for

Stability.AI, Disco Diffusion, Midjourney (the user interface of which is built on such servers),

OpenAI and others. Apparently, there used to be a Simulacra discord server, and its

participants could cast votes, but I could neither confirm this fact nor gather who were these

voters.

Nevertheless, Pressman’s motivations and the documentation he left make clear that he is

also concerned with the bias that emerges from this type of data filtering. Simulacra’s code

repository identifies some of these issues, like the fact that it didn’t show copyrighted

content (therefore limiting the visual experience of voters), didn’t show material deemed not

safe for work environments (eschewing nudity), and no hate speech-associated images. In

fact, an onboarding test was done to participants to estimate if their own bias would interfere

with their aesthetic judgment. This was achieved by displaying a set of pictures that

contained, for instance, a sharp, detailed painting of Adolf Hitler. A low rating on what was

considered, by the developer of the ratings platform, as a well executed depiction of a

60 https://web.archive.org/web/20221207015914/http://www.jdpressman.com/, accessed August 29,
2023

https://web.archive.org/web/20221207015914/http://www.jdpressman.com/
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despicable character could indicate a tendency to vote for political rather than aesthetic

criteria. On a personal note, I’m not sure if such judgments can be evaluated separately -

and if anyone can be the judge of aesthetic values. But that was Pressman’s method.

Even not knowing where the voting was done, the documentation makes a clear statement

on the characteristics of its constituency:

Participants Are WEIRD

Participants in Simulacra Aesthetic Captions are largely WEIRD, or

Western, Educated, Industrialized, Rich, and Democratic. (Henrich,

Heine, and Norenzayan 2010) This means that the aesthetic

preferences recorded are not universal among humanity. While we

didn't take a survey of the demographic makeup of SimulacraBot

users, it should be assumed they largely reside in the United States

and Europe. We welcome replications of Simulacra Aesthetic

Captions which sample their results from other locales and

demographics.

Users Are Mostly Open Source AI Developers And Enthusiasts

Further narrowing the scope of aesthetic feedback in Simulacra

Aesthetic Captions is the userbase consisting largely of people

who are power users and developers of AI art. This means that

their aesthetic feedback is going to lean STEM, fantasy, nerdy,
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esoteric, etc. (Pressman 2023b)

And last, but not least relevant, Pressman notes on a tweet that AI-generated imagery has

deficiencies that can turn to new bias. (Pressman, John David [@jd_pressman] 2022) A

known shortcoming of current AI models is their failure to generate hands and feet with the

correct number of fingers and toes. A low rating on such images - which in this case

represent most images with hands and feet - would be translated into a prejudice against

hands and feet in general, jeopardizing the appearance of these limbs in the models trained

by this predictor.

Regardless of the deficiencies within the Simulacra database, the set was picked by Laion to

train their predictor. In other words, the 176939 ratings of images were used to train an

artificial curator. But other datasets were used too. Schuhmann noticed that the images in

Simulacra didn’t have examples of pictures with texts on them, which could lead to a

problematic bias against logos. To address this, he created a set with 15000 of such images,

the Laion-Logos dataset, and asked his high school students to rate it - again, sampling the

aesthetic values from a very limited slice of the population.

Finally, the Aesthetic Visual Analysis dataset is also used by Laion. This set comes from an

online Digital Photography competition where users can cast votes on their favorite photos -

https://www.dpchallenge.com/ . Although tending to a broader audience than visual AI geeks

and German teenagers, this population sample is also limited to photography hobbyists with

Internet access, and it is likely to have many intersections with the above-mentioned group

of WEIRD people.

https://www.dpchallenge.com/
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Armed with these criteria, Laion’s programmers were able to create a mechanical curator that

would have made Max Bense and Abrahams Moles envious. This predictor created its own

automated ranking of the 5 billion images in the original Laion-5B set, of which 600 millions

were graded more than 5. This subset above the grade point cutoff was used to train the

Stable Diffusion models versions 1 and 2, which since being released as open access,

became the most popular generative visual artificial intelligence tool by the end of 2022.

Rating
1-3

Rating
3-5

Rating
5-7

Rating
7-9
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Images rated by Laions's Aesthetic Predictor61. Low numbers indicate low quality pictures, while high values
suggest good samples.

Needless to say, from a global perspective, this is a very limiting, even problematic, set of

criteria. In a way, it serves only its own kind - the same people who trained the models with

their subjective taste are the ones who use it the most. But this aesthetic judgment excludes

a great part of the visual culture of the world, in particular people who are not interested in

generative AI or digital photography. The graphic taste of, say, Indonesian housewives,

African street artists and Caribbean naif painters are lost in such models, condemning the

software to a limited field of view like a horse eye mask.

This is not just to the loss of the models, but also to the most part of the population which

cannot find itself represented in the repertoire of tools which might come to heavily influence

visual culture for the upcoming years. It is a type of neural colonialism, which works in a

twofold way. On one hand, by barring non-Western visual traditions from future artifacts of

cybernetic imaging, eliminating vast extensions of graphical culture. And on the other hand,

by the visual extractivism it performs on the production of human artists - from the global

South or not - by using their materials to train generative visual neural networks. This

resonates with a broader criticism of artificial intelligence on the exploitation of labor used to

train it - like the Kenyan workers making less than two dollars an hour to exclude disturbing

content from the training dataset of OpenAI’s ChatGPT. (Perrigo 2023) Ethical AI researchers

have already warned on the perils of large language models that seem coherent and

61

http://captions.christoph-schuhmann.de/aesthetic_viz_laion_sac+logos+ava1-l14-linearMSE-en-2.37B.html,
accessed August 29, 2023

http://captions.christoph-schuhmann.de/aesthetic_viz_laion_sac+logos+ava1-l14-linearMSE-en-2.37B.html
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truth-ground; the same concerns can be applied to generative images that seem to respect

aesthetic yearnings but are created from a very particular judgment. (Bender et al. 2021)

The Laion-Aesthetics set serves as evidence that no matter how capable are today’s

computers in creating compelling images, they are still unable to make a judgment without

human guidance. Like with the Botto and Abraham projects, agency is delegated to humans,

in the form of data obtained through the voting process. As seen, the suffrage in these

processes is less than universal and leads to specific bias problems pertinent to each case.

Our imaginary autonomous artist, Darci, wouldn’t have such shortcomings. It would develop

a coherent aesthetic of its own, in ressonation with human visual culture, making relevant

contributions to the art world.

At this point I should disclaim that after contacting Laion regarding these problems, I was

invited to help mitigate them. As Laion is a non-profit, open institution, I promptly agreed to

volunteer, and I hope I can make contributions with positive effects on the next models.

Art against AI

The appearance of artificial intelligence systems that can generate high quality images from

textual descriptions created a strong backlash from a significant share of the creative visual

sector.

The arguments against AI art usually come in two shapes. The first is a reenactment of

questionings that always appear when a new technology becomes available. One of the
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most known historical examples are the Luddites, a faction of organized textile workers in

18th-century England who destroyed industrial equipment. These actions were a form of

protest against the loss of their jobs, which were being replaced by mechanical looms. It is

not difficult to imagine that it was not the first time similar concerns appeared. The advent of

the printing press certainly had an impact on the activities of manual book copiers. Closer to

this research, Norbert Wiener's founding book on Cybernetics conveyed a discussion on the

possible loss of work and conversations with union leaders. (Wiener 1948, 28)

Like in most previous cases, the risk of manual artistic jobs being replaced or at least

reduced by AI is an actual threat. The same concerns are happening among software

developers and in the editorial industry, as systems like Co-pilot and GPT-4 are able to

produce commercially acceptable code and writings. But loss of jobs is not the sole effect of

new tools. The creation process will change, as artists incorporate these mechanisms into

their process. And newer functions will appear, requiring a specialized workforce to deal with

these new potentials.

I suggest calling this new breed of anti-technologists as neuraluddites, for their main

adversaries are neural networks. Now, it should be clear that I consider the Luddites a vector

that is both reactionary and revolutionary. Their struggle against technology may seem

quixotesque, as it is practically impossible to constrain mass adoption of an advancement

with so many benefits in the capitalist sense, and also in the communal sense. But they also

force society to rethink the consequences of this adoption and find solutions for them.

The second argument against AI art is not based only on laboral dangers, as the pace of

technological evolution has shown to be historically impossible to slow down. Instead, it
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stems from the fact that every neural network requires massive amounts of data to train from,

and this data comes mainly from humans who are never credited, let alone rewarded for this

input. Once again, ownership and authorship claims have evolved to the point of litigation.

One of the loudest voices against the use of AI in art belongs to illustrator Karla Ortiz62. After

experimenting with generative web platforms like Lexica63 in September 2022, she reacted

very strongly against64 it in the commentary of an interview with Stability.AI CEO Enid

Mostaque. In the beginning of October was sporting anti-AI opinions several times a day on

the Twitter social network.

(...) I know AI companies like Stability AI, knowingly and purposefully

took and used visual artists and general public copyrighted data and

private data without a care or concern (aside from seeing data on where

they scraped their data from.)? (Karla Ortiz [@kortizart] 2022)

In a blog post from December, Ortiz makes various claims which, although not wrong, do not

support her argument against the use of AI tools for generative purposes: "Looking at

imagery of others is a part of learning how to draw/paint, but unlike AL/ML models, looking

at images of others isn't THE singular way we artists learn or create." (Ortiz 2022) We could

build upon her own point, by saying that the images generated by AL/ML models also do not

result exclusively from the computer, but from a collaborative arrangement where agency is

distributed between the artists and the tools. They're not only guided by the prompts, but

also from varied parameters, and more importantly, from a long iterative process of trial, error

64 https://twitter.com/kortizart/status/1569836239247003651, accessed June 14, 2023
63 https://lexica.art, accessed June 14, 2023
62 http://www.karlaortizart.com/, accessed June 14, 2023

http://www.karlaortizart.com/
https://lexica.art/
https://twitter.com/kortizart/status/1569836239247003651
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and selection of the results. Only after that these pieces arrive at a point that can be shared

or used.

In January 2023, Karla joined artists Sarah Andersen65 and Kelly McKernan66 in a class-action

suit67 filed by litigators from a law firm already known for suing68 Microsoft on account of the

AI programming assistant Co-pilot. Their main argument pleads that text to image AI models

as "21st-century's collage tools". There is skepticism from other copyright litigators about

the allegations. I would like to incorporate here a rather long quote by Aaron Moss,

considering he expresses several points of relevance from a point of view that is very close

to mine.

"While it is true that using copyrighted images to train the models

is not a granted right within the legal framework of content

ownership, other businesses like Google Books do worse by

actually displaying a portion of the copyrighted material to the

clients.

Copyright owners have the exclusive right to make derivatives of

their work. However, while the definition of derivative is far from

closed, they should "incorporate a portion of the underlying work",

which the images generated by AI processes in question do not.

Finally, regarding the use of other artists' style, the lawyer

suggests that while "Style is certainly an element that can and

should be considered within an overall substantial similarity

analysis, (..) prohibiting works that are merely “inspired by”—or

even copy—preexisting art techniques would artificially stifle

human creative development. (...) The courts that have considered

68 https://githubcopilotlitigation.com/, accessed June 14, 2023
67 https://stablediffusionlitigation.com/, accessed June 14, 2023
66 https://www.kellymckernan.com/, accessed June 14, 2023
65 https://sarahcandersen.com/, accessed June 14, 2023

https://sarahcandersen.com/
https://www.kellymckernan.com/
https://stablediffusionlitigation.com/
https://githubcopilotlitigation.com/
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this issue have held that style is an ingredient of expression, but

that standing alone, it isn’t protectable." (Moss 2023)

Important institutional voices in the open culture domain have manifested their support for

the use of copyrighted images for training AI. Creative Commons, the copyright think-tank

that enabled the widely used CC-licenses, generally affirms that the right to use mined data

depends on the use, but also states that "At CC, we believe that, as a matter of copyright

law, the use of works to train AI should be considered non-infringing by default, assuming

that access to the copyright works was lawful at the point of input. For example,

(text-and-data mining) in the context of research or education should be allowed under an

exception to copyright, following the adage that “the right to read is the right to mine.” "

(Vézina and H. Pearson 2021) The Electronic Frontier Foundation, a leading entity in

defending civil liberties in the digital world, believes that "Done right, copyright law is

supposed to encourage new creativity. Stretching it to outlaw tools like AI image

generators—or to effectively put them in the exclusive hands of powerful economic actors,

who already use that economic muscle to squeeze creators—would have the opposite

effect." (Walsh 2023)

In the meantime, the actors accused of acting maliciously in using copyrighted data are

moving to create tools and models that allow content owners to opt out. A startup named

Spawning AI has created a tool that allows illustrators that post images in sharing platforms

such as Deviantart and Artstation to opt-out from being used for training. Stability AI, which

trains the Stable Diffusion models, said it will abide by these options. Until the deadline of

March 3, 2023, 80 million images have been tagged for removal from the sets. (Kemper

2023).
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Unfortunately, the opposition to AI generative imagery has reaped the support of scholars

with very relevant works around the problematic issues of AI ethics in its applications in

society. Timnit Gebru refers to Ortiz's blog post to state that AI-based visual work is not

"inspired".(Timnit Gebru [@timnitGebru] 2023a) She also praises the development of tools

like Glaze, which supposedly empowers the enforcement the rights of brick-and-mortar

artists.(Timnit Gebru [@timnitGebru] 2023b) This is an image filter published by a group of

researchers, which works by adding data that would spoof the training process, generating

errors. The software was immediately dismissed by programmers as too specific and easy

to spoof. (lllyasviel 2023; Shan et al. 2023)

So far, the paradigmatic case for copyrights in AI-generated work is the comic book Zarya of

the Dawn, by Kristine Kashtanova, who refers to herself as a "prompt engineer".

Kashatanova filed the work for copyright protection in the United States in 2022, without

disclaiming its images were created using Midjourney, a text to image platform, and was

granted registration. However, as the United States Copyright Office learned that the comic

used machine-generated images, it announced the registration was being reviewed. The final

decision came out in February 2023: the graphic composition of the comic book, as well as

the text and story were under protection. However, the images were not. (Lindberg 2023)

This was due to the fact the author must be a human: the "U.S. Copyright Office will register

an original work of authorship, provided that the work was created by a human being."

(USCO 2021) Nevertheless, other legal jurisdictions such as the United Kingdom have a

different understanding: "In the case of a literary, dramatic, musical or artistic work which is

computer-generated, the author shall be taken to be the person by whom the arrangements
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necessary for the creation of the work are undertaken." (UK Copyright, Designs and Patent

Act, 1988, section 9(3))

Even though I have been using copyright extensively as a standard against which to measure

authorship, its reach within society is not absolute. While it is important to major cultural

industries such as the Hollywood movie studios, music industry and publishers, the art world

has its own authorship conferral mechanisms. For the Christie's auction house, the fact that

Edouard de Belamy could not be copyrighted was not an issue; nor was it for the collector

who spent more than 400 thousand dollars on the piece. Even performances can be

negotiated, using other types of legal assurances, like contracts and notarial certificates of

authentication. The same logic applied to NFTs, which actually serve as databases of

ownership, rather than any type of anti-piracy mechanism.

On the other end of the spectrum of cultural industries, independent artists working in small

communities or in the cultural context of the global south also have no means to enjoy the

protection of copyright control systems. They may survive by immediate mechanisms such

direct sales and live performances, which might never reach enough massification to reap

the benefits of economies of scale, but might just as well generate enough revenue for their

subsistence.

As for this research, the struggle for copyrights in generative works helps me frame the

post-human dispute in agential arrangements. While I strongly think that such arrangements

are human in their origination, the stance of institutions such as the copyright office, and of

thinkers and artists, like Gebru and Ortiz, show that the belief in some kind of non-human

authorship grows strong.
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The autopoetic aesthetic arrangement framework proposes that the fixed-form, copyrightable

products should be given lesser importance than the system built for their generation. As

such, I think there is a good argument against their copyright, even because in some

arrangements it would be physically impossible to register every possible result. The grounds

for generative art copyrights should not be that there is no author, but that what is worthy of

authorship are the methods and data used to generate content. Letting the byproducts free

of rights will lead to an explosion of free, remixable culture that can reshape creativity.

The case for copyright-free generative work is even stronger when it uses AI models trained

on a considerable slice of humankind's historical visual culture. These data-intensive

networks are built on a shared heritage that should be treated as a commons, a resource

freely available for all, that should not end up in the hands of those few with access to

copyright enforcement mechanisms and rights to vast cognitive material. The legal

framework of some countries, like Germany and Japan, understand that the rights of the

author do not limit the use of their production to inspire new works, remix the originals and,

more recently, train neural networks with them. This stance, I believe, should be adopted

globally; in fact, having just one country allow this is enough to hinder the enforcement of

such a rule, since models are trained and hosted in computers accessible worldwide.

I should clarify that my stance is limited to the use of materials in training in ways that

creations cannot be reused directly, in other words, the original artwork won't appear as the

result of algorithmic generation. Although I am a firm believer in the adoption of more

permissive licenses such as Creative Commons, the decision to authorize the reuse of fixed

works should be individual. Reuse can be concerning in cases where one's material is given
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political uses which go against the creator beliefs, for instance. My concern is that, as

technology changes and content corporations become more powerful, the reappropriation of

styles is becoming more limited. In the context of the United States judicial system, this is

already becoming a reality: in 2015 musician Marvin Gaye's state won a lawsuit against

Pharrel Williams and Robin Thicke, proving that the late soul singer's songs "feel" were

copied - even if no part of the original melody, harmony or even bass lines were

used.(Zernay 2017) The decision caused a flood of similar lawsuits, as until then the remixing

of styles was not considered an infringement of copyrights. (Elbeshbishi 2022)

My suspicion, though, is that big copyright owners will realize soon enough that there is

money to be made in these assets, and might influence lawmaking to continue exercising

their dominance on contents and markets, lobbying towards legal changes to expand the

limitation of creative appropriation.

There is a third factor in the reaction towards generative AI tools, namely the potential to

produce convincing forgeries. This is probably the most profound and consequential issue

for society at large. Even before the advent of visual AI, election outcomes have been

manipulated by fake news and propaganda. For malicious actors, the possibility of creating

fake, but photorealistic images with public figures represents a powerful new toolbox.

Countries with more control over expression rights of their citizens, like China, are dealing

with this by requiring an "obvious mark" on every AI generated image.(Edwards 2022) While

it is not possible to cover the issue here as the implications are too vast for a thesis focused

more on the possibility of autonomous creative agency, my concern about it is hereby

dutifully noted.
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Societal issues around artificial intelligence

Authorship, labor and creativity are far from being the only issues brought by the recent rise

of artificial intelligence. Many of the big neural systems are black boxes causing

environmental concerns due to the intensive use of electricity and water in data centers, both

at the time when models are built as well as when they are used. They also bear problematic

relations in their training phase, since low wage workers from developing countries are hired

to evaluate content which is often violent and disturbing. Besides these visible issues,

opening the black box can be a challenge in itself, since some of the most influential

companies do their development without sharing their methods, code or the models.

As its name suggests, OpenAI was founded in the spirit of altruistic research, with the goal

(previously discussed in this thesis) of mitigating the risks to society that artificial general

intelligence could represent. (Introducing OpenAI 2015). And they were committed to sharing

the results of their findings:

"(our) Researchers will be strongly encouraged to publish their work, whether as

papers, blog posts, or code, and our patents (if any) will be shared with the world.

We’ll freely collaborate with others across many institutions and expect to work

with companies to research and deploy new technologies." (Introducing OpenAI

2015)

At this moment, both the non-profit and open stances seem to have been forgotten. For

instance, their most known invention is the GPT series of large language models. But

they only published their weights (the trained files used for generative tasks) until

version 2. (GPT-2 2019) GPT-3 had only a description published, while the
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groundbreaking GPT-4 still has its details kept in secrecy. (Brown et al. 2020; Heaven

2023) As mentioned previously when discussing John Searle's Chinese room concept,

this makes scientific research on these models very limited. It also hinders efforts to

calculate the environmental impact of training the models. Finally, commercial secrecy

makes the evaluation of the use of ChatGPT (which is based on GPT-4) impossible.

Therefore we can only have imprecise estimations of these. An estimation of the training

emissions for Bloom, a model with 176 billion parameters, pointed to up to 24.7 metric

tons of carbon used, equivalent to the energy consumption of 18 houses in one year.

(Luccioni, Viguier, and Ligozat 2022) But GPT-4 could easily be one hundred times

more thirsty.

The human labor costs are equally difficult to measure. To curb unethical and even racist

replies from ChatGPT, a technique named reinforcement learning from human feedback

(RLHF) is used. (Ramponi 2023) This requires that the outputs of the machine be read and

classified by humans. A Time magazine investigation revealed that OpenAI hired Kenyan

workers for less than two dollars an hour to do the toxic job. "Some of (the texts) described

situations in graphic detail like child sexual abuse, bestiality, murder, suicide, torture, self

harm, and incest." (Perrigo 2023)

Image generative AI might even use large language models as part of the creative process (to

create text prompts, for instance).But the models cost much less to train, and are mostly

published in an open way. The Stable Diffusion groundbreaking model cost the equivalent in

emissions of 12 metric tons of carbon dioxide to train, similar to the consumption of 2.2

houses in one year. (Rombach and Esser 2022) Generation of pictures is done in a matter of

seconds in users' domestic GPU-equipped computers, making a much less intense use of
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electricity than running, for instance, video games, which may use the same devices for many

hours.
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Conclusion

Wrappings and unfoldings: the tortuous path to the poetics of
autopoiesis

This project started with the naif assumption that developing an autonomous artist, such as

Darci, was a task not very far in the evolution of generative systems. This illusion was quickly

dissolved in the face of my investigation around what constitutes a symbolic machine, and

what are the human traits that give us a creative impetus. While it is surprising to see many

prominent researchers, politicians and businesspeople share their concerns regarding an

upcoming artificial general intelligence, I stand assured that these anxieties are more based

on wishful thinking, fear mongering and morbid desire than grounded in reality.

The personal delusion described above is not a reason for any kind of frustration. It is instead

a rewarding outcome, considering every research question must convey within the possibility

of being proved wrong. What is more surprising is the realization that the poetics of

autopoiesis was hiding in plain sight. On one hand, the textual tools available for poetry

became available, even if in a tortuous way, to visual practitioners, through the emergence of

semantic imaging tools. But perhaps more generally, the research made me realize that

within every creative system with autopoietic traits lies a poetic potential that resides exactly

in its autonomous qualities.

Understanding that the systems that so often appear in the practices of art and technology

projects all entertain some kind of autonomy made me realize that their poetic quality is

deeply connected to the exact quality of being autopoietic. They create their own self
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contained productive arrangement limited by boundaries in their relation to the artist,

audience and the elements it is exposed to, which can be incorporated or not in each

specific design. The realization would not have happened if it weren't for this deep delving

into symbolic computation, systems theory and neural networks. With new types of

autonomies, new poetics emerge. Regarding this effect, the most important new autonomies

found are the autonomy of language applied to visual arts, and the autonomous systems

devised by artists in autopoietic arrangements.

My research in creative systems is informed by my own artistic projects, making it easy for

me to identify how their expressive and aesthetic qualities relate to their autonomous traits.

Seeing the current semantic imaging systems through the optics of aesthetic autopoietic

arrangements is fundamental to understanding their complex relations. It is easier to grasp

the role of the endlessly generated pictures if we see them as byproducts, or allopoietic

components, rather than the final expressive work. In this configuration, the whole text to

image generative system, in which the prompts assume a predominant role, takes

precedence over the outputs. Prompts alone are also not enough to absorb the auratic

nature of the arrangement - they are a piece among settings, parameters, models, aesthetic

ratings, and the programming code needed to deploy this gigantic collaborative cognitive

device. Most importantly, they rely on the millions of imagetic and textual references used to

train the models.

The evidence that this apparatus leans heavily towards a conceptual and procedural

manifestation (instead of material), is that the whole arrangement can be forked - armed with

the data described above, one can take it as its own, and adapt it, from this starting point, to

develop their own creation. Since the originality of the artwork resides in the combination of
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system and prompt, instead of fine motor skills, it is no wonder that some of the most

recognized semantic visual artists keep their prompts and settings as secrets - much like

industrial secrets of unpatented inventions. Having access to the prompt and tools would

imply the easy replication of the works or at least the styles developed, with no dexterity

involved.

The arrangement insight came about in the last stages of the research, and it unfolds a fan

that bears rich paths for theoretical explorations. The concept needs to be held up against

several thinkers who probed the connections between technology and creativity and were

not part of the original research. These include Vilhém Flusser, Friedrich Kittler, Bernard

Stiegler, Gilbert Simondon, Paul Virilio and even Walter Benjamin, just to name a few. The

original research proposal expressed a desire to relate thermodynamics, complexity and

emergence remains unexplored; there's great potential to rethink Prigogine and Stengers'

contributions, particularly in face of the diffusion techniques within semantic imaging

systems.

Important writings on the peculiarities of written language couldn't be addressed, but will be

absolutely made more interesting in face of the developments in semantic generative AI.

Especially relevant approaches include Lyotard's take on Language-games, Baudrillard's

concept of Difference, and Foucault's epistemic study of representation that can be found in

Les Mots et Les Choses.

Several of the discoveries in the doctoral project fit under an conceptual umbrella that can

justify the organization of an entity to embrace investigation of the problems surrounding
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semantic visual aesthetics, and, in many cases, their mitigation. As the doctoral project

winds down, I'm in the process of envisioning ways to continue these inquiries. Among my

tasks I would like to:

- Continue to investigate, through computation and statistical methods, the

biased deficiencies caused by the excluding scoring and prediction systems

used in training AI visual models, described in the previous chapter. These

probings must refer to existing theoretical reflections on taste, such as

Bourdieu's Distinction. (Bourdieu 2002)

- Understand the role of visual AI in the discussion, started by Harun Farocki,

around operational images. Although absolutely tempting, the idea of images of

which relevance lies in their use within mechanical, societal and political

operations, instead of human appreciation, is a path that I could not explore

within the ambitions of the project. Yet, visual AI offers a new paradigm for

operation: the machine learning models swallow pictures and extract their

conceptual essence, making them invisible in the process. As noted by Jussi

Parikka, these technologies (and others) “should be placed in historical

dialogue with questions of data, sensing and spatial use of images” (Parikka

2023).

- Expand existing research on gaps and biases on gender, ethnicity, north/south

relations, encompassing theoretical methods through decolonizing thinkers like

Achille Mbembe, and the fundamental deconstruction of discourses proposed

by Jacques Derrida, together with analytical data investigation.

- Propose, develop and publish open access models and embeddings to

mitigate such effects.

- Continue the mathematical exploration of meaning in visual latent space,

incorporating more semantic tools such as antonyms, synonyms, ellipses,
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recursivity while resourcing to classic semiotics frameworks including, but not

limited to, Umberto Eco's.

Beyond Darci

If we follow the arguments of anti-AI artists to the letter, it would seem like the Darci-like

artificial artist exists already, and it resides in the arrangements around text to image

generative models. If, as claimed, all the work of creating an image in the text to image

spawning processes is made by the machine, we should be worried that AI systems will take

over human protagonism in the creative domain.

This claim is only partially true. In the arrangements, there is a displacement of agency

towards the machine. This is evident in the struggles that happen in the process of creating

images in these platforms. The language affordances of models imply that, in order to obtain

a desired effect, creators must be fighting uncontrolled outcomes which result from the

inaccuracies of language. Words replace the brush as the extension of thought, as the tool

used to convey imagined surfaces into fixed ones. Hence the long prompts which try to be

more and more specific and avoid misunderstandings in this cyborgian communication. This

was my point when showing the language affordances of semantic imaging models. What

might be seen as an infuriating limitation of this arrangement - when one is fruitlessly trying

to obtain specific results - should be seen also as an opportunity for poetic exploration. The

rich and complex tools available for poets - polysemy, metaphors, analogies - never had

been so close to the reach of visual practitioners.
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The case of Voidism seems to efface the efforts towards human control of the semantic

imaging process and reinforce the post-human argument. If no words are given to the

system and it still spawns out beautiful pictures, then the human input is irrelevant. From a

transcendental perspective, it would seem that the ghost in the machine is creating images

that convey its own mechanical subjectivity. It decides whether to make landscapes,

interiors, cityscapes, portraits or abstractions. And worse, it seems to have developed a

specific, "personal" style. There is a coherence in the set exhibited. It seems that a Darci-like

arrangement might not be so distant if started from these affordances. Just as my rendition

of the autonomous artist, it also trained on millions of cultural visual references. But in this

experiment there is a lot more than the computer authorship that the eye meets.

Voidism is a cyborg arrangement. While it is true that the lack of text guidance allows for a

much richer dialog between the neural network and the human, beneath the apparent

agency of the machine there are just too many options that had to be made by the human

agent. For starters, there are quite a few choices about which of the existing trained

networks to use, each with very different results. Stable Diffusion is the most used among

the available networks which are free and public. I chose it more for its openness than

aesthetic reasons, since it allows me to publish the exact parameters used and let them be

replicated, a much needed capacity in an academic publication. At the same time, it is

known that some platforms like Midjourney modify the prompt, adding elements to make the

images look better. In fact, Midjourney outputs have a style which is easily recognizable. So

in order to have complete control over the prompt and be sure it wouldn't be modified, I had

to run my own model. But even within SD there are choices to be made: the first file released

was 1.4, by Stability.AI, but there is also version 1.5 from RunwayML, besides versions 2.0,
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2.1, and other files customized by users. I tried several of these before deciding for 1.4,

which gave me the looks I could relate better to the concept of void.

Within the same trained network file, other parameters must be chosen. The number of

iterations of the diffusion process dictates how far must the program work towards obtaining

a final result, usually between 10 and 50 loops. This parameter ended up being different for

every chosen picture. Clip guidance scale is a number which indicates how closely the

program must try to follow the textual description. Even in the absence of a description, the

number has a great influence on the result. Many other choices are available, but probably

the last but not least agential decision is the election between millions of possible generated

pictures. The initial noise, that the diffusion process evolves into a coherent image, can be let

to randomness or chosen from a seed value from 0 up to a few millions. In my process I kept

the seeds from the best random results to evolve them, changing other parameters, until I

was satisfied.

In this description of the arrangement, I seem to be giving much importance to the

byproducts. In reality, endless different results could be found that satisfied my criteria in

making a set of images related to the concept of voidism. The process also illustrates that

the idea of a guideless algorithm is a fallacy. The empty prompt is just another specific

location in the latent space, which through heavy manipulation, I could use to develop a

visual concept. Granted, the fact that the address is not related to a linguistic reference

allowed for a greater freedom of outcomes. Compared to the development of the concept of

voidism and my efforts to use it to communicate issues within this doctoral research, the

resulting images might have smaller importance. I strongly believe that the arrangement is
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my creation, and entitles me to some kind of authorship recognition. But I feel I'd have a

weaker claim towards any kind of authorship - let alone ownership - of the byproducts.

In contrast, Tactical Entanglements, a book by Martin Zeiliger that resonates strongly with

this research in many aspects, happens to make the case for an authorless art. Zeilinger

takes up the apparatus of copyright to discuss the problems of agency in times of artificial

intelligence arrangements. (Zeilinger 2021b) The cases of Michael Noll and Barrat/Obvious

are also used by him to situate the problems brought by generative tools to the framework of

copyright. But the paradigmatic case brought by Zeilinger is the work All we'd ever need is

one another, by Canadian artist Adam Basanta.

First presented in a gallery in Montreal in 2018, the piece consists of two flatbed scanners

mounted in a way that allows them to scan each other. The scanning surfaces, instead of

digitizing sheets of paper, are mounted in parallel and facing one another. Thus, when they

are activated, they "record distorted, unfocused light patterns that hit their glass

surfaces"(Zeilinger 2021b, 97). This is all done without human intervention and with

randomized parameters. The results are abstractions of light and shadows, generated at the

rate of approximately a thousand per day.

The next step of the process is the selective filtering of images. In the words of the artist, if a

scan is "similar enough to a work that the art market or international collections have

deemed art-worthy, then that image, which is similar to it, is also art-worthy. It becomes art."

(Hannay 2018) This is achieved through a neural network specially trained with existing art

pieces, which once fed with the scanned image, will predict its similarity to artworks of

relevance to the "art market or international collections". Once it is found to be more than
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83% similar to a work from the public set, the scan gets printed and receives a title that

makes reference to the matched artwork and its author.

This arrangement obtained notoriety because one of its byproducts was the subject of

litigation. The piece named 85.81% match: Amel Chamandy 'Your World Without Paper' drew

the attention of artist Chamandy, creator of the piece Your World Without Paper, who felt was

having her copyright infringed by Basanta, and sued. The parts have settled, but the legal

implication of the process was that the Basanta's authorship of both the arrangement and

its byproducts was recognized by the judicial system.

Zeilinger's thoughts coincide with mine in many respects. A summarizing postulate that

could perfectly resume my own thesis can be found in it: "the becoming-tactical of AI in

critical artistic practice (is) a development that mobilizes AI’s emergent capabilities for

interrogating, exposing, problematizing, and challenging the aesthetic, ideological, or

technological frameworks driving the commodification and propertization of creative

expression."(Zeilinger 2021b, 27) I agree that All we'd ever need is one another is one of the

finest examples of how AI allowed art to advance machine agency to territories never

explored, and I too consider the flood of AI-generated content an unmissable opportunity for

society to discuss the failed model of copyright used today.

However, (Zeilinger 2021b, 27) seems to find it necessary to model the creative assemblage

allowed by AI as if human agency played no role: "Functioning as an independent art factory,

the project quite plainly cuts the traditional author figure out of the equation. (...) All We’d

Ever Need Is One Another constitutes a posthumanist agential assemblage in which the

human artist is participant rather than creator." (Zeilinger 2021b, 104) I agree that the
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ownership model of copyright is based on romantic fictions of authorship, but not because

these new agential arrangements are proving that there is no human agency behind them.

Firstly, these are artificial constructs because every creation is a derivative in the creative

commons sense, meaning that no artist creates in isolation. It is impossible to avoid being

influenced by previous works, not to mention non-copyrightable effects like news and

opinions, and non-human agencies. And secondly, without the artist's agency this

arrangement would not have come to existence. By suggesting that Basanta is a participant

rather than creator, Zeilinger, in my view, is writing another unnecessary fiction.

Looking back at my artistic trajectory, I can see how much I also looked for a cyborg poetics

of autonomy without success. My 2008 feature film, Ressaca, started as an investigation on

automated movie editing with roots on a project done ten years earlier, during my master

studies. Nonetheless it ended as a performance where the agency was shared with the

audience while I exposed the process of putting the story together in front of it. In 2018 I

started a yet unfinished feature project, Dispersão, where the viewers would guide the

narrative by interacting with a social network algorithm. The project faced the same issues:

all experiments in algorithmic montage turned out to be inferior in comparison to the intuition

and know-how of the human editor. Against these experiences stand the projects made

during the doctoral research.

Photosynthesis is the most autonomous artificial image creator that I can conceive. Despite

the original human impulse, consisting of my design and programming, it will continue to

draw for the duration of the time its parts hold together. It is an autopoietic poetic system

with a closure defined by solar energy intake and the output of tree pictures that may

reverberate with viewers, if they take part in pointing the work towards the sun, or with nature
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and itself, in case it rests on a naturally lit spot. But I was responsible for conceiving it. The

images it spawns are mere byproducts of the arrangement that infers to the machine a

specific agency in using randomness to create a combination of pixels which humans can

recognize. As its author, I can't consider it a spontaneous emergence of creativity.

Let's hypothesize a fiction where this scenario would become true: a creator that does not

derive from human agency. Our Darci wouldn't suffice, as its starting point is a human

project to create an artistic robot-like arrangement. Calling it Super-Darci is not appropriate -

this prefix is too close to derailed transhuman dreams of an evolved race, and the fiction too

far from our almost within-reach artificial artificial. Let's just give it another neutral moniker

like Mone.

Mone differs from the current autopoietic arrangements in that it is not originated by humans,

and hence it is devoid of human agency and anthropomorphic cognition. As such, it couldn't

be built; it would have to emerge. It is best to not speculate on the technology which would

allow this to happen. I don't think computers or any Turing machine would be up to the task;

it seems to me that instruction-based and discrete devices won't be appropriate for a device

that operates on the uncertainty of the physical domain.

Mone is an autopoietic agential arrangement taken to its limit. It possesses no trace of

human agency, and it is not allopoetic in that it is not contingent on an observer, and it won't

output components which aren't meant for its own maintenance. It will be creative, but by

fathoming a non-human subjectivity. If it can establish a dialogue with human culture, we will

embrace it like an original artist; otherwise it will exist on an isolated domain, having no
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cultural significance. If it is based on biological principles, it might be seen as a new

species; otherwise it will be based on supports yet to be created or repurposed.

Computers are mini-mones, in that they have their own cognition. But since we designed

and programmed them, we develop them as such that their byproducts are meaningful to us,

and such that we share a common symbolic cognition, which allows us to create programs

for them. The object of computer operations is data, the known. But "In order for any

intelligence to produce art, its object cannot be the known, but the unknown." (Hui 2021,

243). Asking for creativity from a state machine is like asking a Rubik's cube for innovation. It

just belongs to a different domain.

Mone will have its own cognition. As such, it might be useless for humans, in that we won't

understand it. It might be an incomparable artist in its particular domain, but in expressions

unreachable to us, like the greatest poet of a language we do not speak. At the end of this

project, this is the best aphorism I can offer: if we one day achieve building a completely

autonomous, autopoietic, creative arrangement, it would probably be inaccessible to us.
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