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A Brief History of Definitions
of Artificial Intelligence:
From the Great Bombe to Black Boxes
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Abstract: The study explores and highlights the direct relationship between contemporary
knowledge, paradigms, aims, and public expectations in the field of artificial intelligence (Al)
and its definitions. For the purpose of this research, the division of the stages of the development
of AI was used for analogies to the seasons; spring to winter of Al. The history of Al is covered
here only in the range necessary to point out this relationship with the possibilities of deriving
the resulting definitions. Examples of period-typical Al definitions are given for each period. This
historical excursion is then used as a background for thinking about the form (not the content)
of the definition of Al that is appropriate to the current state of the field and its paradigm, focus,
and use. The current discussion on the shape of the definition of Al within the framework of EU
legislation is outlined. The form of a suitable definition of Al for the present is examined from the
perspective of interested parties, such as multinational entities, business organisations, and other
stakeholders, and is compared with some already valid definitions of these entities. A paradox in
the definitions of AL, which are always too “narrow and broad at the same time” from a certain
point of view, is pointed out. Finally, the possibility of deploying a fractal definition with a fixed
rational-moral core but changing content with respect to the levels at which it is applied is explored
within a conceptual ideation. This operational fractal definition could, in principle, resolve the
ever-present “broadness-narrowness” paradox.

Keywords: artificial intelligence; definitions; black box algorithms; bistory; regulation and
ethics; cognitive bias

1. INTRODUCTION

The term Artificial Intelligence (herein-
after referred to as Al) has become part
of the vocabulary of the vast majority of
us. At first glance, this is a clearly under-
standable term. The opposite is true. We
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can use it as an example to explain the
so-called Dunning-Kruger effect (Johnson
et al., 2013); mental automatism, which
causes the general public to have the im-
pression that they understand the topic
more, and on the contrary, experts un-
derestimate their own competence in the
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field. And this is exactly the case with the
definition of Al. Below, we will connect
the definitions of Al with the contem-
porary and field context. In the text, the
reader will find the resources to be able to
answer the question: “Why is it important
for society as a whole to know how Al can
be defined?”

From this perspective, Al is a fun-
damentally illusory term: it refers not to
actual intelligence, but to an engineered
imitation — a surface-level reproduction
of intelligent behaviour without the un-
derlying cognitive substance, “artificial
imitation of intelligence”. Below, I will use
the term “AI” in accordance with this
thesis. For the purposes of this article,
I will clarify the necessary context of this
claim. The notion of Al as “Artificial Im-
itation of Intelligence” highlights the fact
that Al is not genuine intelligence, but
rather a metaphorical construct — an im-
itation or illusion of intelligence, where
algorithmic systems replicate intelligent
behaviour on the basis of functional rela-
tionships and observable output. It does
not resemble human intelligence in any
meaningful sense — it is basically just
a sophisticated application of mathemat-
ical statistics, formal logic, and probabil-
istic models (Mikolov, Joulin, & Baroni,
2018). Moreover, the commonly-made
distinction between narrow Al — systems
designed for specific tasks — and general
Al (often referred to as Artificial General
Intelligence or AGI), which hypotheti-
cally could adapt to unfamiliar environ-
ments, make decisions under conditions
of uncertainty, and operate across diverse
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domains, can be conceptually confusing
and misleading. It is possible to define
this difference, for example, according
to ability, domain, task, or output or ac-
cording to capability, which points to the
ability, accuracy, or efficiency of the sys-
tem — their level, quality, or distribution
determines the generality of the system
(Gutierrez et al., 2023). Abandoning the
rigid distinction between narrow and
general Al can enable a more liberated
and nuanced approach to defining the
concept of artificial intelligence.

For readers trying to make sense of
the various definitions of artificial intel-
ligences without extensive prior knowl-
edge, it is important to highlight the
often-unstated distinction between ar-
tificial and synthetic intelligence. Both
human and animal intelligence are al-
ways completely different from auto-
mated advanced mathematical statistics
represented by two-valued transistor sil-
icon circuits calculating within two-val-
ued formal logic. Intelligence is a part
of existence, the realisation of personal
and general consciousness and human
(or animal) being experienced personally
in the network of symbolic relations of
the particular world or concept of reality.
Yes, Al can address tasks similar to those
performed by natural intelligence, but it
does so in a fundamentally different way
— often yielding results that diverge sig-
nificantly from human cognition. Part
of functional AI solutions in many cases
must be to be accepted by people. This
means that its outputs appear “as if pre-
sented by a being gifted with a feeling for
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human consciousness” — as if its solution
belongs to the human world, independ-
ent of the hyper-efficiency of the compu-
tational speed with which the machine
arrived at the result. This can be seen,
for example, with the popular ChatGPT
from OpenAl. This AI does not generate
outputs that are true but instead illusion-
ary credible ones. Those who confuse #he
illusion of trustworthiness with truthful-
ness can be unpleasantly surprised.

And so the initial intention to con-
ceive of Al as an artificial imitation of
intelligence, regardless of the specific
definition, means to disenchant the
mechanisms of Al closed in a black box
— to clarify the context of illusoriness
often mistaken for reality in the sense
of truthfulness. In the 21* century, in
all layers of society and socio-cultur-
al relations, both lay and professional,
we need always to be aware that the
outputs generated through AI mecha-
nisms are always the solutions present-
ed by the algorithms. These outputs
come from systems that lack any form
of human empathy, ethical awareness,
or moral consciousness. Let us assume
that these are not persons, but artificial
technological prostheses (of mind?),
without the possibility of compromising
one’s person or corrupting a fragile soul.
These are technological products that
do not consciously experience the so-
cial rules of the socio-cultural norms of
the world into which they were thrown
as beings. And they are also not sub-
jects with an essential desire for good-
ness-beauty-utility!

2. METHODS

In the academic literature, numer-
ous definitions of Al can be found.
However, a generally accepted defi-
nition remains elusive. As Tegmark
(2018) notes, even the experts at a sym-
posium convened by the Nobel Founda-
tion were unable to reach consensus on
a shared definition of intelligence — and
later of artificial intelligence. And so,
we can perhaps only agree on zhe fact
that there are different definitions, created
for different purposes and with different
goals, describing different aspects of the is-
sue. Each of these definitions reflects the
specific goals, contexts, and interests of
the individual authors or institutions
that formulated them — shaped by their
disciplinary orientation, the historical
moment, and the intended applications.
As a result, the concept of Al takes on
slightly different meanings across defi-
nitions. The underlying assumptions,
logical structures, and intended func-
tions embedded in these definitions also
vary accordingly.

The following examples help illus-
trate this point: the physicist and Al
researcher Max Tegmark (2018) defines
intelligence broadly as “the ability to
achieve complex goals”, in order to in-
clude as many future entities as possible
— including artificial ones. Legislative
and politico-economic definitions, on
the other hand, tend to be narrowly fo-
cused on the specific domains to which
the given regulation, policy, or funding
applies (European Commission, 2018).
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As cited in Bartdik (2017), one of the
founders of the field of AI, Marvin Min-
sky, described Al as the science of creat-
ing machines or systems that use proce-
dures which, if performed by a human,
would require intelligence. According to
Bostrom (2016), John McCarthy — who
coined the term A/ — pointed out that
once something begins to work relia-
bly, we tend to stop referring to it as Al
McCarthy thus highlighted a persistent
tendency to perceive Al not as a present
reality, but as a moving target always sit-
uated in the future — as part of futurol-
ogy rather than the status quo. Accord-
ing to Dr. Andrew W. Moore, Director
at Google Cloud Al, “Al is the science
and research that enables computers to
behave in ways that until recently we
thought only human intelligence could”
(Toosi et al., 2021). Once a particular
technology is widely adopted and inte-
grated into everyday use, it is often no
longer labelled as Al, but instead given
a specific name — such as a computer
game or a text prediction tool. This phe-
nomenon, referred to by Bartdk (2017)
as the A7 effect, highlights the tendency
to perceive Al as something perpetual-
ly novel or futuristic, rather than part
of the present technological landscape.
Numerous other examples could be cit-
ed to illustrate how definitions are con-
ditioned by the specific aims, contexts,
and interests of those who formulate
them. Arguably, such variability is not
a flaw, but an intrinsic feature of the act
of defining itself — shaped by the inten-
tions and purposes it seeks to fulfil.
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2.1 Defining AI
in the Context of 2025

It seems reasonable to abandon the
pursuit of a universal definition, or
a universalist definitional paradigm
grounded in the correspondence theory
of truth — where a definition is expected
to be the most accurate possible reflec-
tion of the entity that is being defined.
Instead, a new paradigm should be an-
chored in a more appropriate framework
of multi-layered, probabilistic defini-
tions defined in a way that is perhaps
akin to a definition with fractal dimen-
sionality. In such an approach, different
aspects of the phenomenon that is being
defined are captured through distinct
definitions, each addressing a particular
layer of meaning and generating differ-
ent implications and operational logics,
while still sharing a logically coherent
core.

The classical  Aristotelian-Socrat-
ic model of definition — composed of
definiendum and definiens — appears in-
sufficient for the digital age of the early
21¢ century. Aristotle famously wrote:
“A ‘definition’ is a phrase signifying
a thing’s essence. It is rendered in the
form either of a phrase in lieu of a term,
or of a phrase in lieu of another phrase;
for it is sometimes possible to define the
meaning of a phrase as well. People whose
rendering consists of a term only, try it as
they may, clearly do not render the defi-
nition of the thing in question, because
a definition is always a phrase of a certain

kind.” (Topics I 5, 101b38-102al). Given
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the complexity of the Al phenomenon, it
is clear that we must seek alternative ap-
proaches to defining it.

This type of layered definition aligns
with the operational definition used by
Al Watch (Samoili et al., 2020), provid-
ed that a higher degree of granularity is
introduced into how we conceptualise
Al Each of these “granules” or defini-
tional layers carries its own internal log-
ic and requires its own ethical consider-
ations. At the same time, these layers are
not isolated — they intersect, influence
one another, and share a common core:
a commitment to moral responsibility
and factual coherence. In principle, we
should abandon the pursuit of a sin-
gle, exclusive, interdisciplinary baseline
definition of Al that claims universal va-
lidity across disciplines, speculative fu-
tures, and unpredictable technological
developments. Instead, what is needed
is a set of context-sensitive operational
definitions — each tailored to specific
environments and strategically applica-
ble in ways that support the intended
(and hopefully beneficial) goals of those
shaping the Al ecosystem.

On the basis of my many years of
close study of this field, I am reasona-
bly convinced that such a multi-level
definitional framework is essential. It
enables us to distinguish between differ-
ent layers, aspects, and circumstances of
the application of Al — many of which
operate according to incommensurable
principles and therefore demand incom-
mensurable ethical, legal, and economic
approaches.

3. PREDECESSORS OF Al

The precursors of Al are largely re-
lated to the human (animal) desire to
expand one’s capabilities in manipulat-
ing reality — both internal and external.
Therefore, we can place the beginning
of Al in the context of the “history of
human prosthetics”. It is a gradual de-
velopment of techniques and technol-
ogies, in which man goes beyond his
natural attributes, for example, in terms
of animal strength or reserves of ener-
gy management. An example can be
a stick, stone, spear, or fist wedge as arm
prostheses. Or fire expanding the possi-
bilities of metabolism, when we can get
more energy from the same amount of
food after roasting. Fire also provides
the relative safety of the daytime world,
thereby extending it. Writing can be
seen as a prosthesis of memory and an
extension of informational presence to
future levels. Floridi (2014) highlights
that Al essentially continues the histor-
ical trajectory of enhancing human fac-
ulties through technological prosthet-
ics — now extending beyond the body
to encompass the mind, consciousness,
will, agency, and intelligence.

Homer, who wrote of mechanical
“tripods” waiting upon the gods at din-
ner, is often cited as the cultural origin
of the idea of autonomous mechanical
helpers. Aristotle, in Politics (Book 1,
1253b), already discusses the essential
need for both living tools with a soul
and lifeless tools without a soul, there-
by providing philosophical justifica-
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tion for slavery. This concept becomes
deeply anachronistic in an era in which
the functions of so-called soulful tools
no longer need to be performed by hu-
mans, but can be carried out by ma-
chines driven by algorithms (Aristotle,
1905).

We can trace other early manifesta-
tions of this idea back to the Enlight-
enment. René Descartes was intrigued
by the notion of a machine capable of
thought, although he did not pursue
its practical realisation. In contrast,
Gottfried Wilhelm Leibniz not only
recognised the immense potential of
mechanical reasoning machines based
on logical principles — for instance,
in resolving disputes — but also firmly
believed in their technological feasibil-
ity, grounded in what he saw as “me-
chanical” relationships. Leibniz and
Blaise Pascal constructed mechanical
arithmetical calculators. However, it
would be absurd to claim that these
simple mechanical interlocking parts
are capable of thinking, and therefore
the label “artificial mind or intelli-
gence” was out of place — it would have
been completely absurd and inappro-
priate. This changes in the concept of
Etienne Bonnot and Abbé de Condil-
lac, who used the metaphor of a stat-
ue into whose head we pour particles
of knowledge. In this thought experi-
ment, they asked: “When will a statue
know enough to appear intelligent to
an observer?”; it is a figure of thought
similar to one used later by Alan Tu-
ring (Buchanan, 2005).
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The term robot originates from Ka-
rel Capek’s 1920 play R.U.R. (Rossum’s
Universal Robots). The name “Rossum”
is a deliberate play on the Czech word
rozum, meaning “reason” or “intel-
lect”, reflecting the play’s philosophical
themes and highlighting the focus on
artificial rational beings. However, L.
Frank Baum had already introduced
a mechanical man named Tiktok in
1907. Baum describes Tiktok as ex-
tremely quick-witted, capable of form-
ing independent thoughts, and perfect-
ly articulate — a mechanical man who
thinks, speaks, acts, and performs all
functions except living. Tiktok’s de-
scription could easily serve as a naive,
early definition of artificial intelligence.
It is also necessary not to forget the cul-
tural inspirations of Jules Verne, Isaac
Asimov, Mary Shelley, or the Jewish
story about the Golem. The illusory
Mechanical Turk chess machine, oper-
ated in the 18% and 19% centuries, was
also a fascinating event. However, it was
not until “modern computers” that the
first realisations of these ancient visions,
fantasies, and dreams of Al were really
made possible. This was made possible,
among others, by inventions in the lab-
oratories of Alan Turing in Manchester,
Howard Aiken at Harvard, Bell Labo-
ratories, IBM, and the Moore School in
Pennsylvania. In those days, the met-
aphor of computers as gigantic brains
was generally used, and the definitions
responded to this metaphor — they were
directly derived from it (Buchanan,
2005).
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4. THE CULTURAL SEASONS
OF Al: SPRING, SUMMER,
AUTUMN, AND WINTER

Some authors (e.g. Haenlein &
Kaplan, 2019; Schuchmann, 2019; Toosi
et al., 2021) have described the evolution
of Al using metaphorical cycles inspired
by the seasons — for example, spring, sum-
mer, autumn, and winter — to capture
recurring waves of enthusiasm, maturity,
decline, and stagnation in the field. For
the purposes of this work, the model of
four seasons was chosen.

4.1 AI Spring: The birth of Al

Alan Turing, a British mathematician,
logician, and cryptanalyst, made founda-
tional contributions to what would later
become modern computer science. In the
late 1930s, his focus was on rigorously
defined theoretical problems, in contrast
to the symbolic and fictional portrayals of
artificial thinking beings such as R.U.R.,
Tiktok, the Golem, or Frankenstein’s
monster. For the British government, he
developed a decryption machine called
the Bombe (Polish for “bomb”), goal
of which was to break the Enigma code
used by the German armed forces during
World War II. The Bombe, which was
about 2.1x1.98x0.61 metres in size and
weighed about a ton, is generally consid-
ered to have bene the first working elec-
tromechanical computer. In 1950, Turing
published his seminal paper “Computing
Machinery and Intelligence” (Turing,

1950), in which he described how to create
intelligent machines and especially how to
test their intelligence; known as the Tu-
ring machine. The name Al was still not
being used at the time. It was not creat-
ed until six years later at an event known
as the Dartmouth workshop (The Dart-
mouth Summer Research Project on Ar-
tificial Intelligence or DSRPAI). A young
associate professor of mathematics, John
McCarthy, who was then at Dartmouth
College, decided to organise a group to
clarify and develop ideas about thinking
machines. He chose the name “artificial
intelligence” for the new field. The goal of
DSRPAI was to bring together research-
ers from different disciplines and create
a new area of research focused on creat-
ing machines capable of simulating hu-
man intelligence. Here, those who were
later considered to be the founders of the
field of Al combined their research efforts
(Haenlein & Kaplan, 2019).

Berglund et al. (2023) show that now-
adays — and most probably in the years to
follow — the widespread adoption of chat-
bots powered by large language models
(LLMs), based on artificial neural net-
works, has rendered the traditional Tu-
ring test largely obsolete. Many publicly
available chatbots can now pass it effort-
lessly. However, according to the so-called
Artificial Intelligence Effect — the idea
that “once it starts working, we stop call-
ing it artificial intelligence” — these chat-
bots, once integrated as everyday tools
for managing routine tasks, are no longer
perceived as thar Al of which the advent is
still projected into the future.
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Today, less superficial evaluations —
such as situational awareness tests (aware-
ness to perception, situations, adapta-
tion, prediction), theory of mind tasks
(social and emotional intelligence), or
context-sensitive interaction assessments
(context) — are increasingly being used in-
stead of the Turing test. But even in these
cases, algorithms are beginning to fulfil or
approximate the criteria set by such meas-
ures (Berglund et al., 2023).

4.1.1 The Turing test and the first

definition

Turing (1950) seeks answers to the fun-
damental questions: “What does thinking
mean and can machines think?” The ques-
tion of whether machines can think is very
difficult to answer, so he replaces it with the
more pragmatic question: “Can a computer
communicate in such a way that it is indis-
tinguishable from a human?” To find the
answer to such a problem, a simple control-
lable criterion or test, known today as the
Turing test, can be used. This test is based
on what Turing called the Imitation Game,
a thought experiment in which a machine
attempts to imitate a human in written con-
versation well enough to be indistinguisha-
ble from one. Thus, in this test, the ability
to think is equated with the ability to com-
municate at such a level that the Al gives the
impression to the participants in the conver-
sation that it is a thinking being.

Introducing the first attempts to define

Al in the context of the Turing test
However, the field of Al is not only

about thinking machines. It is largely
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concerned with understanding intelli-
gence and thinking as the manipulation
of symbols or characters at a general level.
In Turing’s time, thinking was conceived
of quite mechanistically — as a form of
formal symbol processing. This reduc-
tive view has since experienced several
renaissances, particularly during times of
optimism in symbolic Al, and remains at
the centre of ongoing debates: is think-
ing merely a matter of logic and formal
rules, or does it fundamentally transcend
such structures? This tension is clearly
illustrated in the contrast between the
GOFAI (Good Old-Fashioned Artificial
Intelligence) approach and critics of such
simplifications, such as Hubert Dreyfus,
whose phenomenological critique articu-
lated in 1972 (developed and extended in
his 1992 work) — inspired by Heidegger
— challenges the very premise that cogni-
tion can be reduced to rule-based sym-
bol manipulation (Dreyfus, 1992). We
can see the “Turing’s time approach” in
Herb Simon’s statement from 1944: “Any
rational decision may be viewed as a con-
clusion reached from certain premises....
The behavior of a rational person can be
controlled, therefore, if the value and fac-
tual premises upon which he bases his de-
cisions are specified for him.” (Buchanan,
2005, p. 54)

The Turing test can be seen as an early
operational definition of machine intelli-
gence, formulated before the very concept
of Al had been formally established. The
term A/ itself would not be coined until
six years later, in 1956, at the Dartmouth
Conference organised by John McCarthy
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and his colleagues — widely regarded as
the symbolic birth of the field. However, it
does not attempt to define Al in a system-
atic or theoretical way — it was simply too
early for such a formulation in Turing’s
time. Instead, Turing focused on more
practical aspects of the problem, aiming to
demonstrate how a machine could imitate
human intelligence through computation
(e.g. in relation to the Entscheidungsprob-
lem, the halting problem, or questions of
undecidability). Turing (1950) was intel-
lectually rigorous and open about the po-
tential objections to his proposed test, and
he engaged critically with many of them.
He famously predicted: “I believe that in
about fifty years’ time it will be possible
to programme computers ... to play the
imitation game so well that an average
interrogator will not have more than a 70
percent chance of making the right identi-
fication after five minutes of questioning.”

4.2 Al Summer and Winter:
The golden age and rise
and fall of AI

The Dartmouth workshop not only es-
tablished the field and introduced the con-
cept of artificial intelligence; it also initiat-
ed a period of almost twenty years during
which there were significant achievements
in the newly-established field. Turing’s
optimistic vision became generally shared
not only in science, but also in the media
and pop culture. This period, later rec-
ognised as the first AI boom, ended with
the funding crises known as the first Al
winter.

In 1966, the American ALPAC (Au-
tomatic Language Processing Advisory
Committee) report was published, which
was very sceptical about the expenses and
expected benefits in the field of Al, and
yetin 1970, Marvin Minsky gave an inter-
view to Life magazine stating that a ma-
chine with the general intelligence of an
average human could be developed within
three to eight years. But three years later,
the British mathematician James Lighthill
published a report commissioned by the
British Council for Scientific Research, in
which he once again questioned the opti-
mistic outlook of researchers in the field
of artificial intelligence. Lighthill stated
that machines would only ever reach the
level of an “experienced amateur” and
only in games such as chess. Common
sense reasoning would always necessarily
be beyond their ability. In response, the
British government ended its support for
AT research at all universities (except Ed-
inburgh, Sussex, and Essex). As a result of
the ALPAC and Lighthill reports, and fol-
lowing the British example, the US Con-
gress began to sharply criticise the high
level of spending on Al research with little
social benefit and virtually cancelled its
funding. Thus, general scepticism regard-
ing the field began to spread throughout
society and practically worldwide, which
started the phase sometimes called the Al
Winter (Haenlein & Kaplan, 2019).

4.2.1 Discussion of the develop-

ment of Al in the 1950s and 1960s

AT has never ceased to be interdiscipli-
nary and will not cease to be, which must
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necessarily be reflected in the disparity of
definitions and its intentions and interpre-
tations. Even in the years when the field of
Al was still being formed, it was already
strongly interdisciplinary. It extracted and
incorporated knowledge from disciplines
such as cybernetics, biology, experimental
philosophy, communication theory, game
theory, mathematics, statistics, logic, phi-
losophy, psychology, linguistics, and oth-
ers. Al outgrew these fields and influenced
them in turn, setting up a reciprocal re-
lationship of knowledge growth in these
fields that continues to this day, resulting
in today’s versions of chatbots based on
NLP principles (Natural Language Pro-
cessing), which help in research and the
training of new scientists, such as Google
Al Scite, Sci space, or ChatGPT.

The first definitions of Al are structur-
ally linked to an idea that turns out to be
more of a metaphor than a model or anal-
ogy. Researchers believed that the brain is
basically just an extremely powerful com-
puter, and simulating all its functions is
basically just a matter of sufficient com-
puting power, uncovering logical func-
tional relationships, and enough data. In
the 1950s and 1960s, we could see how
the paradigm of the computer as a giant
brain asserted itself. Through these tech-
nologies, humanity began to solve many
problems that up to that time could only
be solved by beings gifted with intelli-
gence. However, because of the complexi-
ty of the topic, the research relies more on
heuristics.

Feigenbaum and Feldman’s 1963 vol-
ume Computers and Thought was one of

318

the first major anthologies to bring to-
gether foundational texts in the emerging
field of artificial intelligence. Five years
later, Marvin Minsky (1968) published
Semantic Information Processing, a com-
prehensive collection summarising much
of the significant work carried out in the
first decade after 1950. He emphasised
that the central achievement of this period
was the development of heuristic methods
to constrain the search space in problem
solving — trial and error guided by rules of
thumb — which preceded the emergence
of effective machine learning techniques.
This heuristic focus opened the door to
addressing deeper problems of knowledge
representation and helped to make it pos-
sible to move beyond the rigid formalism
of earlier logic-based systems. Neverthe-
less, formal heuristics remain a traditional
and still relevant approach within the field
(ibid.).

Minsky’s work in the field of knowl-
edge representation in Al essentially de-
fined the formal theory of Al and the
definitions derived from it. Essentially, it
is the study of how the beliefs, intentions,
and judgments of an intelligent agent can
be appropriately expressed within a logic
suitable for “automated reasoning” (Bu-
chanan, 2005).

In the 1960s, AI models were inspired
by important psychological questions and
experiments. Practical applications were
essentially implemented on the basis of
rule-based programming. It was an at-
tempt to simulate human manipulation
with long-term and short-term memory
features, including errors in reasoning.
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E.g. Feigenbaum’s EPAM program, com-
pleted in 1959, investigated associative
memory and forgetting in a program that
replicated the behavior of subjects in psy-
chological experiments (Feigenbaum &
Feldman, 1963).

During the 1960s, critical limitations
of the symbolic Al approach became in-
creasingly apparent, particularly in areas
such as machine translation and under-
standing natural language. These short-
comings strengthened the critiques of Al
voiced by sceptics and ultimately contrib-
uted to a significant decline in funding
and institutional support. A paradigm
shift began towards the end of the dec-
ade — and more prominently during the
1970s — with the rise of knowledge-based
systems, a broad category encompassing
various approaches that sought to repre-
sent and manipulate explicit knowledge.

The core idea was the ability to de-
rive new knowledge from existing facts
through deductive reasoning. In the sub-
sequent decades, the capabilities of Al
expanded considerably, with increasing
attention to non-deductive mechanisms
such as induction, analogy, and reason-
ing under uncertainty. These approaches
gradually found their way into practi-
cal systems, contributing to the renewed
growth of the field and its funding (Bu-
chanan, 2005).

4.2.2 An overview of the key

definitions of AI from the spring

and summer period

Before delving into the individual
milestones, it is useful briefly to summa-

rise the context in which the first defini-
tions of Al emerged. Each definition re-
flected not only the state of technology at
the time, but also the prevailing scientific
optimism, philosophical assumptions,
and societal expectations. The following
subsections highlight several representa-
tive formulations from the early “spring
and summer” of Al, showing how re-
searchers attempted to capture the essence
of intelligence in machines through dif-
ferent perspectives and approaches.

Founding proposal and conference for
initiation of Al studies; 1955

The early pioneers of artificial intel-
ligence, working within the conceptual
framework of their time, envisioned Al
as “Strong AI” — the idea that machines
could eventually replicate the mental pro-
cesses, cognitive abilities, and functions
found in the human brain. Definitions
grounded in the notion of Strong Al were
deeply intertwined with the field’s foun-
dational aspirations, even though the
hardware resources available at the time
were severely limited.

In part, this was due to a significant
underestimation of the complexity of the
human brain. As a result, the Strong Al
concept remained largely philosophical —
more a thought experiment or projection
of scientific optimism than a realistically
implementable vision.

This scientific optimism is exempli-
fied by McCarthy et al. (1955), when they
state that: “...every aspect of learning or
any other features of intelligence can in
principle be so precisely described that
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a machine can be made to simulate it. An
attempt will be made to find how to make
machines use language, form abstractions
and concepts, solve kinds of problems
now reserved for humans, and improve
themselves ... the artificial intelligence
problem is taken to be that of making
a machine behave in ways that would be
called intelligent if a human were so be-
having” (ibid., p. 12).

Al based on deductive reasoning; 1959

In his work, John McCarthy (1959) —
as a key figure in the early development of
Al — examines computer logic operations
and methods for representing information
within machine memory. He argues that
the realisation of Al crucially depends on
the ability to reason with common sense,
framing Al primarily as a system for de-
ductive reasoning. He states that “A pro-
gram has common sense if it automati-
cally deduces for itself a sufficiently wide
class of immediate consequences of any-
thing it is told and what it already knows”

(ibid., p. 1).

Definition based on general intelligence;
1969

This definition by Minsky (1968) is
still one of the most frequently cited ones
and points in a simple and understandable
form to the essence of the issue. Unfortu-
nately, in the early 21* century, when hu-
man society is essentially surrounded by
Al mechanisms, this definition is too nar-
row, especially for legislative, commercial,
regulatory, or ethical purposes. It fails to
account for the fact that many Al systems
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now perform tasks that no longer require
human intelligence as a result of automa-
tion, and that their societal impact often
lies not in how intelligent they are, but
in how they are deployed, governed, and
interpreted. Al is “the science of making
machines do things that would require
intelligence if done by men” (ibid., p. V).

Representation of knowledge; 1976

Allen Newell and Herbert Simon are
undoubtedly among the most influential
pioneers in the history of artificial intelli-
gence. They entered the annals of the field
with the development of the Logic Theory
Machine (1956) and the General Problem
Solver (1959). The latter is often considered
the first significant approach to knowledge
representation. Their definition of intelli-
gent behaviour incorporates key concepts
such as the real-world context, system
goals, environmental adaptation, and com-
plexity — making it particularly suitable
for non-trivial applications, regardless of
whether the domain in which the system
operates is narrow or broad.

As they put it: “By ‘general intelligent
action’ we wish to indicate the same scope
of intelligence as we see in human action:
that in any real situation, behavior appropri-
ate to the ends of the system and adaptive to
the demands of the environment can occur,
within some limits of speed and complexi-
ty.” (Newell & Simon, 1975, p. 10).

4.3 Al Autumn: The Harvest

One of the reasons for the initial lack

of progress in Al and the fact that the field
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was almost defunded was that reality fell
far short of expectations, often fuelled by
grandiose “PR” proclamations and media
“hype”. This shows how the concept of
AT can be misleading in that it leads to
unrealistic social expectations and other
negative connotations. Therefore, we may
encounter the replacement of the term A7
in the winter and early autumn of the field
with alternative terms such as “computer
science” or “analytics”.

4.3.1 Expert systems and the end of

the first wave

The reasons for this early direction in
the development of Al can be traced to the
nature of the first systems, such as ELIZA
and the General Problem Solver (GPS),
which aimed to imitate human intelli-
gence and brain functions. These systems
laid the groundwork for what became
known as expert systems — Al applica-
tions characterised by a robust, rule-based
approach that relied on domain-specific
knowledge in narrowly-defined areas of
expertise. The renewed optimism of the
1980s, often referred to as the second Al
boom, centred around expert systems and
the rational agent paradigm.

As noted by Toosi et al. (2021), expert
systems quickly found practical applica-
tions in corporate settings, where they
were employed for tasks such as market
forecasting, spectrographic analysis, sylla-
bus database search, and the evaluation of
medical data. These expert systems were
developed under the assumption that hu-
man intelligence could be formalised and
reconstructed through algorithms follow-

ing a top-down approach — the designers
encoded all the necessary information
into the system to fulfil predefined goals.
Scientists attempted to simulate intelli-
gence using rule-based systems grounded
in formal logic, particularly binary oper-
ations such as “if-then” (implication) or
“either-or” (disjunction).

However, this approach quickly en-
countered limitations, primarily because
of the restricted computational capacity
of contemporary hardware. More funda-
mentally, it was conceptually flawed: ex-
pert systems achieved promising results
only in narrowly-constrained domains
where knowledge could be explicitly cod-
ified in binary logic. In broader, more
dynamic environments, this formalist
paradigm proved inadequate —a point em-
phasised by Haenlein and Kaplan (2019),
who highlight the limited adaptability of
such systems in real-world contexts where
uncertainty and nuance prevail.

The philosopher Hubert Dreyfus had
already anticipated these shortcomings in
his seminal critique Whar Computers Can’t
Do (1972), in which he argued that human
intelligence is deeply contextual, intuitive,
and embodied — characteristics that resist
formalisation into discrete rules. The ex-
pert system model, he contended, relies on
an overly simplistic and decontextualised
view of cognition.

Consequently, a more flexible ap-
proach had to emerge — one that could
interpret external data, learn from expe-
rience, and adapt dynamically to environ-
mental changes. This more general form
of Al marked a new phase of develop-
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ment, in comparison to which the early
expert systems appear primitive, rigid,
and obsolete (Haenlein & Kaplan, 2019).

Initially, the field once again experi-
enced a surge of exaggerated ambitions
and unrealistic expectations regarding the
imminent development of a fully gener-
al artificial intelligence. However, when
these aspirations were tempered by the
practical successes of expert systems —
which, despite their limitations, demon-
strated impressive performance within
narrowly-defined domains — Al research
gained new momentum.

This pragmatic turn allowed the field
to grow again, particularly as Al appli-
cations began to show clear economic
benefits and efficiency gains. These de-
velopments ushered in a new wave often
described as the “summer” of artificial in-
telligence. A widely recognised milestone
of this period is the 1997 victory of IBM’s
Deep Blue over the chess grandmaster
Garry Kasparov.

While frequently cited as a break-
through in machine intelligence, it is im-
portant to note that Deep Blue was not
an example of deep learning. Rather, it
was based on a combination of brute-force
search, sophisticated evaluation func-
tions, and pruning techniques — a form of
symbolic Al or GOFAL The system relied
on massive computational power and ex-
pert-crafted heuristics, rather than learn-
ing from data, as modern deep learning
systems do. Thus, while historically sig-
nificant, Deep Blue represents a different
lineage in the development of Al from the
one that led to contemporary advances in
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artificial neural networks and deep learn-
ing architectures.

4.3.2 An overview of the key defini-

tions of Al from the autumn period

During the “autumn” stage of the de-
velopment of Al the field moved beyond
the initial enthusiasm and symbolic ap-
proaches, gradually consolidating into
more formalised and pragmatic frame-
works. Definitions from this period often
reflect a turn towards rationality, agency,
and measurable behaviour, emphasising
the design of systems that can act pur-
posefully within their environments. The
following examples illustrate how the idea
of Al was reframed in the 1990s in terms
of rational agents and computational
models of intelligent behaviour.

Al systems as rational agents; 1995

Russell and Norvig (2003) categorise
definitions of Al into four foundational
approaches: systems that think like humans,
think rationally, act like humans, and act
rationally. Each of these categories is il-
lustrated with representative definitions
drawn from key figures in the history of
Al

In the first category — systems that
think like humans — they cite John
Haugeland’s 1985 definition: “The excit-
ing new effort to make computers think...
machines with minds in the full and lit-
eral sense.” Similarly, Bellman (1978)
characterises Al as “[The automation of]
activities that we associate with human
thinking, activities such as decision-mak-
ing, problem solving, learning...”.
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In the second category — systems that
think rationally — they include the defini-
tion by Charniak and McDermott (1985):
“The study of mental faculties through
the use of computational models” and
that of Winston (1992): “The study of the
computations that make it possible to per-
ceive, reason, and act.”

The third category — systems that act
like humans — is illustrated by Ray Kur-
zweil’s (1990) formulation: “The art of
creating machines that perform functions
that require intelligence when performed
by people”, along with the definition
by Rich and Knight (1991): “The study
of how to make computers do things at
which, at the moment, people are better.”

Finally, the fourth and most contem-
porary category — systems that act ration-
ally — reflects a shift toward formal models
of intelligent behaviour. Here, Russell and
Norvig include the definitions by Poole et
al. (1998): “Computational intelligence
is the study of the design of intelligent
agents” and Nilsson (1998): “Al is con-
cerned with intelligent behavior in arte-
facts.” This approach, emphasising ration-
al agency through a blend of mathematics
and engineering, is also reflected in Rus-
sell and Norvig’s own working definition,
which they present in their textbook: “We
define Al as the study of agents that re-
ceive percepts from the environment and
perform actions, and we cover different
ways to represent these functions, such
as production systems, reactive agents,
real-time conditional planners, neural
networks and decision-theoretic systems.”

(Russell & Norvig, 2003).

5. DISCUSSION

Although this phase of the develop-
ment of Al can be metaphorically de-
scribed as the autumn of the life cycle
— characterised by maturation, the con-
solidation of methodologies, and the re-
finement of rational agent architectures
— it did not culminate in a full A7 winter,
as might have been expected by analogy.
Rather than entering a period of stagna-
tion or decline, the field underwent a par-
adigmatic shift, marked by the advent of
systems that transcended the limits of
symbolic or rule-based approaches. This
shift inaugurated a new spring, driven
by the emergence of data-driven models,
particularly artificial neural networks
and large-scale machine learning archi-
tectures, which began to spread rapidly
across domains. These systems not only
redefined the boundaries of what AI could
achieve, but also became deeply integrated
into existing sectors, transforming them
from within and enabling entirely new
capacities — as we can observe today in
language processing, image recognition,
autonomous systems, and decision-mak-
ing support.

Today, the question is no longer
whether AI will play a role in any sphere
of society. As noted by Haenlein and
Kaplan (2019, p. 6), the question is now
posed in a completely different way: “The
question is less whether AT will play a role
in these elements but more which role it
will play and more importantly how Al
systems and humans can (peacefully) co-
exist next to each other. Which decisions
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should rather be taken by AI, which ones
by humans, and which ones in collabora-
tion will be an issue all companies need to
deal with in today’s world and our articles
in this special issue provide insights into
this from three different angles.” These are
the questions that all institutions, compa-
nies, and individuals must solve in today’s
world.

5.1 Big Data and the Third
Al Boom

After the first and second Al booms —
the eras of symbolic and expert-system ap-
proaches — the current and third AT boom
is defined by the rise of data-driven ma-
chine learning and deep neural architec-
tures. By the late 1990s, the development
and rapid expansion of powerful software
and hardware capabilities — along with the
growth of global data infrastructures and
the internet — enabled the accumulation
of immense datasets and the computa-
tional capacity required to process them.
This shift directly accelerated further ad-
vances in the field of artificial intelligence.

The third AI boom — the new spring —
was preceded by a notable change in how
the field conceptualised itself: researchers
became more conservative and sought to
establish a more credible and methodolog-
ically grounded identity for Al — refining
its subjects of study, research goals, and
application domains. Among the credible
and widely-adopted methods were statis-
tical approaches such as Hidden Markov
Models (HMM), which relied on rigorous
mathematical principles and training on
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large real-world datasets. This methodo-
logical shift coincided with the emergence
of well-structured public data repositories,
compiling information from a wide range
of sources. Together, these developments
opened the door to a wide array of new
application domains — including zexz pre-
diction, image analysis, handwriting recog-
nition, voice processing, or bioinformatics.
These technologies rapidly found integra-
tion into industrial and commercial envi-
ronments, supporting tools and systems
across countless professions.

It is important to recognise that the
current boom in artificial neural networks
builds fundamentally on research dating
back to the 1940s. A key figure here is
the Canadian psychologist Donald Hebb,
who proposed a theory of synaptic plas-
ticity now known as Hebbian learning —
the idea that the connection between two
neurons is strengthened when they are
activated simultaneously. This principle
inspired the development of early neural
network models that attempted to simu-
late certain features of biological neurons,
such as weighted connections, threshold
activation, and distributed parallel pro-
cessing — albeit in highly simplified, ab-
stracted form.

The development of artificial neural
networks stalled in the late 1960s following
critical findings by Marvin Minsky and
Seymour Papert in their book Perceptrons
(1969), where they highlighted the limita-
tions of single-layer networks. At that time,
the available computers lacked the process-
ing power and memory required for more
complex, multi-layered architectures.
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With the resurgence of computation-
al power and the availability of massive
datasets, artificial neural networks have
returned with renewed strength under
the label Deep Learning. As Haenlein &
Kaplan (2019) note, this approach has
been central to recent breakthroughs —
such as Google’s AlphaGo, which succeed-
ed in defeating top-ranked human play-
ers in the game of Go. Go is significantly
more complex than chess; while chess
begins with 20 possible moves, Go starts
with 361. This accomplishment marks an-
other historic milestone, following Deep
Blue’s victory over Garry Kasparov, and
illustrates the leap in computational strat-
egy enabled by deep neural architectures.

At the turn of the millennium, hard-
ware capabilities underwent another trans-
formative leap. As early as 2006, graphical
processing units (GPUs) were shown to be
approximately four times faster than tra-
ditional central processing units (CPUs)
in executing neural network operations
— a gap that widened dramatically, with
GPUs becoming up to 60 times faster by
2011; Ciresan et al. (2011) demonstrated
a very significant acceleration of GPU im-
plementations of deep CNNs compared
to CPUs. Interestingly, this technological
acceleration was largely propelled not only
by academic or industrial Al demand, but
primarily by the rapidly-growing digital
gaming industry, which had previously
been dismissed as mere entertainment for
children and adolescents.

According to Toosi et al. (2021), this
surge in processing power enabled ma-
chine learning algorithms to outperform

human experts in increasingly specialised
domains. Over time, these capabilities ex-
panded across virtually all sectors of socie-
ty, transforming Al from a niche tool into
an integral and ubiquitous component of
modern technological systems.

Since AI systems based on data-driv-
en, statistically optimised learning models
— significantly boosted by the availability
of affordable and massively parallel GPU
hardware — have become an integral part
of the reality we experience, definitions
of Al must evolve accordingly. First, they
need to address the phenomenon of mas-
sive datasets, which may include extreme-
ly sensitive personal information — often
collected without informed consent, or
with consent granted unknowingly. This
raises serious concerns about privacy vio-
lations, as well as the potential for highly
effective manipulative techniques or even
criminal activities such as blackmail.

Furthermore, modern definitions
must also account for the multitude of ap-
plication layers and domains in which Al
is deployed. What is valid and appropriate
for medical AT applications, for example,
may be entirely unsuitable for legislative,
scientific, educational, or entertainment
contexts.

This leads us to a conceptual impasse:
either we adopt many mutually incompat-
ible definitions, each tailored to the needs
and norms of its respective domain, or we
attempt to enforce a single universal defi-
nition — one that may be too narrow to
be inclusive, too broad to be meaningful,
or so vague that it obstructs innovation
and regulatory clarity. In other words, the
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paradox remains: any definition of Al is
likely to be too narrow, too broad, or both
at once.

5.2 Al as a Machine Learning
Phenomenon and
an Institutional Perspective

The principle of broad-narrow defi-
nitions of Al is not just a metaphor, but
a completely practical problem. Different
political, business, national and trans-
national institutions and alliances are
characterised by different agendas, focus,
operations, and management and there-
fore different definitions and definitional
frameworks are appropriate for them. And
every term in the sentence of the defini-
tion is fundamentally important.

An example can be the ongoing debate
on the definition of AI within the OECD.
The current definition of Al within the
OECD is the following: “An Al system
is a machine-based system that can, for
a given set of human-defined objectives,
make predictions, recommendations, or
decisions influencing real or virtual en-
vironments. Al systems are designed to
operate with varying levels of autonomy.”
(Perset & OECD, 2023, p. 4).

The newly proposed definition in 2023
reads as follows: “An Al system is a ma-
chine-based system that can, for explicit
or default objectives, generate outputs
such as predictions, recommendations, or
decisions that influence physical or virtual
environments. Al systems are designed to
operate with varying levels of autonomy.”

(Perset & OECD, 2023, p. 4).
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At first glance, it may seem that initi-
ating the legislative and expert commen-
tary processes across many countries and
institutions over “a few words” is unnec-
essary. However, the opposite is true — be-
cause these few words significantly shift
the meaning and potential legal implica-
tions of the definition.

Take, for instance, the change from
“influencing real or virtual environments”
to “that influence physical or virtual en-
vironments”. While the change appears
minimal, it reflects a more deterministic
view of Al systems’ impact. The original
phrase “influencing” implies a possibility
or potential to affect the environment,
whereas “that influence” asserts a more
direct, active role of Al systems in shaping
outcomes. This change could affect legal
interpretations of responsibility, liability,
and the scope of regulation. Similarly, re-
placing “real” with “physical” introduces
a more precise, perhaps legally or tech-
nically grounded, term. The shift from
“real” to “physical” may seem subtle, but
it reflects a significant conceptual nar-
rowing. While “real” encompasses both
physical and virtual environments with
tangible consequences, “physical” refers
strictly to the material, natural world. In
an era in which digital experiences can
have real emotional, social, and economic
impacts, this change implicitly excludes
a growing domain of reality that is no less
consequential.

It may seem like a simple idea — even
a minor linguistic distinction — that we are
explaining at length. However, this dis-
tinction is crucial, as even a single word
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can significantly reshape the scope of a le-
gal or conceptual definition. The term rea/
has evolved in meaning during the digital
age. Today, virtual reality is not just a meta-
phor but a lived experience, integrated into
everyday life through digital platforms,
smart devices, and wearable technologies.

These developments blur the bounda-
ries between physical and digital environ-
ments. An action taken in a virtual con-
text — such as a financial decision, social
interaction, or personal disclosure — can
have tangible and lasting effects in a per-
son’s physical world. As Toosi et al. (2021)
argue, the consequences of digital actions
are increasingly real in terms of their psy-
chological, social, and ethical impact.

Therefore, it is necessary to move be-
yond a simplistic dichotomy of rea/ versus
virtual. Rather than dismissing one as ar-
tificial and the other as essential, we must
acknowledge that both domains gener-
ate effects that are real in terms of lived
human experience. This calls for a more
nuanced philosophical reflection on what
constitutes reality today — especially in
the context of Al systems that shape our
choices, perceptions, and sense of self. Im-
portantly, this use of the term multi-lay-
ered reality refers not to computational ar-
chitectures, but to the layered structure of
human experience across physical, social,
and digital dimensions.

Definition in the legal and political-
-economic framework of the European
Union

The complexity of developing a defini-
tional framework that will impact on hun-

dreds of millions of lives is illustrated by
the process of formulating a definition of
AT acceptable to the entire European Un-
ion. This definition can be found in Reg-
ulation (EU) 2024/1689, known as the A/
Act, which was adopted by the European
Parliament on 13 March 2024 and by the
Council on 21 May 2024. It entered into
force on 1 August 2024, and its provisions
were due to be phased in over the months
that followed. The definition is as follows:
“Al system’ means a machine-based sys-
tem that is designed to operate with var-
ying levels of autonomy and that may ex-
hibit adaptiveness after deployment, and
that, for explicit or implicit objectives,
infers, from the input it receives, how to
generate outputs such as predictions, con-
tent, recommendations, or decisions that
can influence physical or virtual environ-
ments” (Al Act, p. 46).

The debate regarding definitions with-
in the political-economic domain of the
EU is still alive, in constant change, and
difficult to grasp conceptually. Neverthe-
less, this section outlines the development
of key documents and activities during
the selected periodand the development
process of the definition.

The European Commission document
from 2018 used the following definition
of Al: “Artificial intelligence is consid-
ered to be systems exhibiting intelligent
behaviour in the form of evaluating their
surroundings and subsequently making
decisions or taking steps — with a certain
degree of autonomy — to achieve specific
goals. Systems using artificial intelligence
technology can be purely software-based,
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operating only in the virtual world (e.g.,
voice assistants, image analysis programs,
search engines, voice and face recognition
systems), or they can be built into hard-
ware (e.g., advanced robots, autonomous
vehicles, drones and various forms of use
of the Internet of Things).” (European
Commission, 2018, p. 1)

This definition was further developed
a year later by the High-Level Expert
Group on Artificial Intelligence (HLEG
AT), which proposed the following revised
version: “Artificial intelligence (AI) sys-
tems are software (and possibly also hard-
ware) systems designed by humans that,
given a complex goal, act in the physical
or digital dimension by perceiving their
environment through data acquisition,
interpreting the collected structured
or unstructured data, reasoning on the
knowledge, or processing the information
derived from this data and deciding the
best actions to take to achieve the given
goal. Al systems can also be designed to
learn how to adapt their behaviour by ana-
lysing how the environment is affected by
their previous actions. As a scientific dis-
cipline, artificial intelligence encompasses
several approaches and techniques, such as
machine learning (of which deep learning
and reinforcement learning are concrete
examples), machine reasoning (which in-
cludes planning, scheduling, knowledge
representation and reasoning, search and
optimization), and robotics (which in-
cludes control, perception, sensors and
actuators, as well as the integration of all
other techniques into cyber-physical sys-

tems).” (HLEG Al 2019b, p. 6)
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However, this definition has certain
limitations and should not be treated
as all-encompassing. For instance, the
phrase “systems designed by humans”
may not adequately capture recursive or
emergent forms of Al design, where sys-
tems are generated by other Al systems —
even if these are, ultimately, traceable to
human-originated architectures.

This definition is further elaborated,
analysed, and expanded in a broad con-
text in 2020 through the EU JRC (Joint
Research Centre) scientific hub report
Al Watch: Defining Artificial Intelligence
(Samoili et al., 2020). The above-men-
tioned definition (HLEG AI, 2019b) is
called the baseline definition by the re-
searchers in this analysis. The JRC docu-
ment provides a detailed taxonomic analy-
sis of many definitions, whether legislative
and political-economic or definitions
produced by world-renowned scientific
authorities over time as Al has developed,
which are called operational definitions.
The operational definition is also co-cre-
ated by a set of keywords that characterise
the basic and cross-sectional areas of Al
— each of the definitions is analysed and
assigned to a specific domain (e.g. rea-
soning, planning, learning, or ethics and
philosophy...) and keywords that define it.

Dozens of definitions are sorted here
according to domains (e.g. EU, non-EU,
international organisations, research pur-
poses...), commented on, and put into
context and are assigned to the fields from
which they originated (e.g. academia,
medicine, industry...). In order to achieve
a common understanding of the concept
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of Al within Al Warch, it is important
that the starting point is the already-men-
tioned inclusive definition of HLEG — the
baseline definition (HLEG AI, 2019b).
According to the authors, it includes all
technological developments and activities
carried out by all types of actors that make
up the Al ecosystem, whether these are
industrial, research or government initia-
tives. The entire study thus serves as a map
to navigate the maze of a large number
of definitions relevant to selected sectors
(Samoili et al., 2020).

In 2021, the European Union pub-
lished the first draft law on artificial in-
telligence (the Al Act). In 2021-2022, the
initiatives of the European Commission
according to one of the sub-documents
(SWD/2021/84, 2021) were supposed to
lead to:

* the adoption of a European legal frame-
work for Al

* the clarification of European rules on the
new challenges regarding responsibility
arising from these new (disruptive) tech-
nologies

* revision of existing sectoral security legis-
lation.

The aforementioned European Al
legal framework is built on initiatives
providing:

* adefinition of Al systems

* adefinition of high-risk Al systems

* shared rules according to which Al services
will be considered trustworthy in the EU
market.

However, the document explicitly
draws attention to the issue that the cur-
rent EU law does not establish a defini-

tion of an Al system or horizontal rules
for its use regarding the classification of
risks associated with Al technologies. An
important question is whether it is harm-
ful or beneficial to look for and introduce
a basic definition or an operational type
of definition.

In another document related to the
Al Act (European Commission, 2021)
a single, unifying baseline definition of
Al is proposed for the purposes of Euro-
pean law. The intention is for it to be fu-
ture-proof, taking into account the rapid
and unpredictable technological develop-
ment and changes in the market for Al
technologies, and at the same time to be
sufficiently technologically neutral. Key
participants in the Al value chain are also
clearly defined here. This definition reads:
“... ‘artificial intelligence system’ (Al sys-
tem) means software that is developed
with one or more of the techniques and
approaches listed in Annex I and can, for
a given set of human-defined objectives,
generate outputs such as content, predic-
tions, recommendations, or decisions in-
fluencing the environments they interact
with” (ibid., Art. 3).

The Al techniques and approaches
listed in the aforementioned Annex I are:
“a) machine learning approaches, includ-
ing tutored, untutored and reinforcement
learning, using a variety of methods,
including deep learning; b) logic and
knowledge-based  approaches, includ-
ing knowledge representation, inductive
(logical) programming, knowledge bases,
inferential and deductive mechanisms,
(symbolic) reasoning and expert systems;
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©) statistical approaches, Bayesian estima-
tion, search and optimization methods”
(European Commission, 2021).

Definition efforts under the AI Act
have been long-standing and are still on-
going, leading to the adoption of “pro-
visional definitions” such as the GPAIS
(General-Purpose Artificial Intelligence
Systems) definition adopted in May 2023
by the EU Parliament. The Slovenian EU
Presidency defined this technology as an
“artificial intelligence system ... capable of
performing generally applicable functions
such as image/speech recognition, audio/
video generation, pattern detection, ques-
tion answering, translation, etc.” (Council
of the European Union, 2021). The French
EU Presidency further emphasises that
GPAIS “can be used in many contexts and
can be integrated into many other artifi-
cial intelligence systems” (Council of the
European Union, 2022a). Updated ver-
sions of the proposal discuss the role of ac-
tors in the development and value chain of
the GPAIS (Council of the European Un-
ion, 2022b; Gutierrez et al., 2023). As can
be seen in the cited documents, non-po-
litical institutions and experts under the
heads of organisations such as the FLI
(Future of Life Institute) are also involved
in efforts to achieve a consensual and
functional definition working on a clearly
defined difference between the definition
of a narrow (fixed) Al and a general Al
definition (GPAIS). This division can be
more precise and less exploitable and ma-
nipulable than the original division into
four risk categories (unacceptable, high,
limited, and low risk).
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In the comment procedure of 2021,
the panel of experts of the Association
of Industry and Transport of the Czech
Republic as a member of BusinessEurope
states that “The definition of artificial in-
telligence, which is to be regulated in the
document, is problematic — it is too broad
and too narrow” (SPCR, 2021). Note: the
document is not publicly available.

The topic has already been explored,
but let us dwell on this claim one more
time. Although this opinion sounds ba-
nal, it is a fundamental finding and re-
minder. It must be added that it is actually
both too broad and too narrow and at the
same time it is adequate; this is a practical
demonstration of breaking Aristotle’s an-
alytic law of the exclusion of the third! As
already mentioned, the definition depends
on the purpose of its use and the goals of
the person using it. And as the purposes
and goals change with the needs and in-
terests of different stakeholders, so does
whether the definition is narrow, broad,
or adequate.

This relativising element needs to be
reckoned with and accommodated, as it
cannot in principle be eliminated! There-
fore, any unifying and exclusive baseline
definition will inevitably suffer from
a certain degree of discord — what might
be called a definitional #rinity of being si-
multaneously too broad, too narrow, and
yet still potentially appropriate. As previ-
ously noted, the adequacy of a definition
depends on the specific goals and inten-
tions of those who use it. These goals vary
across different stakeholders and evolve
over time.
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Consequently, no single definition
can fully satisfy all contexts. Only a set
of multi-layered, officially recognised, and
legally grounded operational definitions
— each tailored to particular needs — can
provide the flexibility required to ensure
that, within a given operational frame-
work, a definition may be considered suf-
ficiently adequate.

In other words, we must accept that
definitions of Al are inherently operation-
al and contingent: not universally ade-
quate, but potentially appropriate within
predefined contexts, interests, and regula-
tory needs.

6. CONCLUSION

While the historical and conceptual
overview has shown how definitions of
Al evolve in relation to scientific progress
and societal needs, the conclusion must
also reflect the broader consequences of
these definitional choices. Beyond tech-
nical accuracy, definitions influence eth-
ical debates, legal frameworks, and social
perceptions. Therefore, the closing part of
this study turns to the ethical and social
implications, highlighting how the very
act of defining Al carries a fractal dimen-
sion that affects multiple layers of society.

6.1 Ethical and Social

Issues — the Fractal Dimension
of the Definition

The discussion on the ethical and so-
cial issues associated with different defi-
nitions of Al and their impact on society

can be conducted very broadly, as numer-
ous interrelated elements and variables
play a crucial role. One way to illustrate
this complexity is by examining the inher-
ent unknowability of how complex neural
networks and deep learning algorithms
function.

These self-learning systems are both
large-scale and non-transparent. Because
of their sheer scale and architectural com-
plexity, it is often time-consuming — and
in some cases practically impossible — to
trace how they arrive at their outputs,
even when their performance appears ef-
fective in practice. This is known as the
black box phenomenon, where both the
input and output data may be transpar-
ent and controlled, but the internal log-
ic of the algorithm remains opaque and
inaccessible. We previously encountered
deep learning in the context of the game
of Go, where this lack of transparency is
ethically unproblematic. However, the
situation changes dramatically when the
same algorithmic structure is applied to
sensitive content — for instance, when the
input is medical data and the output is
a diagnosis, prognosis, recommendation
with life-altering consequences, or legal
advice.

The ethical risk increases further
when we consider biases — both those
replicated from training datasets and
those stemming from human cognitive
tendencies to overtrust algorithmic de-
cisions. This creates a deeply problematic
dynamic. As Zemdik (2020) argues, the
issue becomes morally explosive when
biases are no longer limited to human
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actors but are embedded in the “digital
intellect” of autonomous virtual agents.
Although several authoritative sourc-
es — such as the Ethics Guidelines for
Trustworthy AI (HLEG Al 2019a) and
DARPA’s Explainable Al (XAI) roadmap
(Gunning & Aha, 2019) — address these
issues in detail, there is still no unified
consensus on how to mitigate such al-
gorithmic externalities or eliminate the
moral hazards they pose.

The situation observed in previous
phases of the development of Al (often
described as the spring, summer, au-
tumn, and winter of Al), which has al-
ready been noted, is once again repeating
itself — particularly in the form of unreal-
istic media representations and exagger-
ated claims by some experts. According
to a 2019 report by Vincent, approxi-
mately 40% of startups in Europe that
claim to use Al in their services actually
do not (Vincent, 2019). This highlights
the ongoing ambiguity surrounding the
definition of AT — not only for the media
and the general public, but even for pro-
fessionals in the field.

Another ethically problematic prac-
tice is the exploitation of symbolic power
and media hype associated with Al. Giv-
en the steady growth of investment in
this sector, it is evident that some compa-
nies — either deliberately or unknowingly
— are attempting to position themselves
within this trend by misusing terms such
as Al or deep learning or applying them
loosely. This ambiguity underscores the
need for clearer definitions, as well as for
a well-structured ecosystem that reflects
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the interconnection of related disciplines
and accounts for their specific needs
within a multi-level definitional frame-
work (Toosi et al., 2021).

6.2 A Definition to Eliminate
the Cognitive Bias of Anthropo-
morphising Al Algorithms

If we consider the illusory side of arti-
ficial intelligence, which causes in people
an ecstatic need to pay attention to virtual
entities and communicate with them “as
if they were conscious, living intelligenc-
es”, we find that this illusion may be at the
core of many — from the ethical (but also
legal, economic, security...) point of view
— questionable cases of the misuse of algo-
rithms. Let us just give an outline of this
issue to justify a new perspective on the
definition of AI, which aims to make users
aware of the automatism in their thinking
of “attributing higher skills to AI” than it
actually possesses. Users frequently attrib-
ute disproportionately more competences
and typically human skills to Al than it
wields — thus anthropomorphising and
humanising AL

It is astonishing how one of the most
primitive chatbots, ELIZA, written in
1964-1966, which had the task of playing
a word game with the user in such a way
as to act like a psychotherapist, confused
people in this way. Users entrusted it with
their sensitive secrets after the exchange of
a few lines, regardless of what would hap-
pen to this data, where it would be stored,
how it would be handled, and whether it

could ultimately be used against them.
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Today, chatbots such as China’s Dubao,
Xiaoice, DeepSeek, or Tencent’s Yuanbao
are already important social media influ-
encers, songwriters, writers, and many
users consider them intimate friends or
even choose them as life partners! Chat-
bots are capable of causing a global media
scandal when users mistake the text out-
put they generate, guided by the statistical
evaluation of past conversations, for the
prophecy of a hyper-intelligent entity or
the morally corrupt behaviour of a con-
scious being — as was the case with the
TAY chatbot. ChatGPT is frequently used
inappropriately instead of professional da-
tabases, and users only later find out that
the information provided was not facts,
but strings of words intended to make
a credible impression on the given user in
the given domain. While newer versions
have improved at providing sources and
references, linking to a source is not a uni-
versal solution — it still raises critical issues
such as the relevance of the citation, its
context, and whether it truly supports the
claim that is generated.

And this is not limited to chatbot-type
Al Every Al system, even when it inter-
acts solely with other virtual entities, con-
tributes to the creation of an environment
that can be subjectively experienced by
humans. This experience requires inter-
pretation, the assignment of meaning, and
integration into a network of familiar rela-
tionships — which itself constitutes a form
of communicative interaction.

When users interact with a chatbot
and get the impression that the Al displays
certain traits of “human intelligence”, they

are, in fact, responding to carefully engi-
neered illusions — what could be described
as an imitation game or a textual credibility
simulation. These effects are intentionally
crafted by developers to evoke human-like
responses. As Zemcik (2020) argues, this
often leads to an unconscious tendency in
users to treat the Al as if it were endowed
with human consciousness and moral
agency. We can illustrate the profound
impact of anthropomorphising Al it in
the widely-known case of a 14-year-old
boy, Sewell Setzer III from Florida. He
developed an emotional attachment to an
Al character modelled as Daenerys on the
Character.Al platform and later died by
suicide. This tragedy underscores how us-
ers may perceive Al systems as conscious
and emotionally responsive agents, lead-
ing to serious psychological and ethical
implications (Blake, 2024).

It can feel as though the algorithm
“experiences” the world — and not only
that, but that it does so in the same way
as humans. It is as if Al were part of the
symbolic order (legal, moral, political, or
socio-economic), which is traditionally re-
served for conscious beings. But this soft-
ware is not accountable for what it says.
It has no past or future to reflect on, no
capacity to “corrupt its soul” or “damn its
perspective” — and likewise, no ability to
derive satisfaction from doing good.

Therefore, it is important to be aware
of these cognitive biases in certain situ-
ations. Under these circumstances, the
partial goal of the definition (or the fi-
nal one) should be preventive, protective,
and pedagogical — to protect and educate
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the user, show them their limitations,
and provide them with the competenc-
es and skills to eliminate their own un-
desired thought automatisms, biases, to
the greatest extent possible! And for that
reason, the very use of the term “artifi-
cial imitation of intelligence”, “imitation
game”, or “text credibility game” alone,
which in these cases can replace the usual
term “artificial intelligence”, can be very
helpful. In the body of the definition it
self, it is then necessary to emphasise that
it is an illusory intelligence created for

the purpose of acting in a certain way.
It needs to be emphasised that it is quite
transparently the intention of the creators
of the AT that users have a tendency to at-
tribute properties to the algorithm (or be-
have in that way in its environment) that
it does not have. In this way, Al can be
used against the interests of users as well
as the interest of society — all as a result
of detailed knowledge of the workings of
the human psyche and attention, acceler-
ated by an immense amount of training
data and computing power.

Use of Artificial Intelligence Tools: The author declares that generative artificial

intelligence tools (ChatGPT, OpenAl; various versions) were used during the preparation
of this manuscript exclusively for supportive purposes, including consultation on the
structure of the text, brainstorming of ideas, assistance with literature orientation,
support in drafting and organising summary tables, and consultation on the translation
and clarification of selected technical terms into a foreign language.

The Al tools were not used to generate original scientific content, data, analyses, or
interpretations, nor to replace critical scholarly judgment.

The author bears full responsibility for the content of the article, including the
accuracy of citations, interpretations, and conclusions.
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ZEMCIK, T. Stru¢n historie definic umélé inteligence: od velké Bomby
po Black boxy

Studie zkoumd a zdiiraziiuje primy vztah mezi dobovym védénim, paradigmary, cili
a ocekdvdnimi vefejnosti v oblasti umélé inteligence (AI) a jejimi definicemi. Pro wcely tohoto
vyzkumu bylo pro rozdéleni fizi vyvoje Al pouzito analogie k roénim obdobim: jaro ag zima AL
Historie Al je zde pokryta pouze v rozsabu nezbytném k poukdzdni na tento vztah s moznosti
odvozeni vypljvajicich definic. Pro kazdé obdobi jsou uvedeny priklady definic Al typickych pro
dané obdobi. Tato historickd exkurze je poté pouZita jako podklad pro vivahy o formé (nikoli
obsahu) definice Al kterd je vhodnd pro soulasny stav oboru a jeho paradigma, zaméfeni
a pouziti. Je nastinéna soulasnd diskuse o podobé definice Al v rdmci legislativy EU. Forma
vhodné definice Al pro soulasnost je zkoumdna z pohledu zainteresovanych aktérii, jako jsou
nadndrodni subjekty, obchodni organizace a dalsi ziicastnéné strany, a je porovndna s nékterymi
Jiz platmymi definicemi téchto subjektii. Je poukdzdno na paradox v definicich Al které jsou
z urcitého hlediska vidy prilis ,iizké a zdroveri siroké”. Nakonec je v rdmci koncepini ideace
progkoumdna moznost pougiti fraktdlni definice s pevnym raciondlné-mordlnim jddrem, ale
s ménicim se obsahem v zdvislosti na tirovni, na které je aplikovina. Tato operativni fraktdlni
definice by v zdsadé mohla vyresit stdle pritomny paradox ,,sirokosti—izkosti

Klicovd slova: uméld inteligence, definice, algoritmy Cerné skiinky, historie, regulace a etika,
¢4 24 2y ) &
kognitivni zkresleni
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APPENDIX

Table 1. Chronological overview of the development of Al through representative systems, concepts,

and milestones

The Golden
Age

Period/ Approx. Years Representative Systems/ | Main Characteristics/ Definition
“Season” Events/Authors Focus
Predecessors | Antiquity— Homer’s tripods; Aristotle’s Cultural and philosophical
of AL 1940s “soulless tools”; Descartes’ imagination of artificial beings;
automata; Leibnizs reasoning | metaphors for mechanical
machines; Capek’s R U.R; intelligence; “prosthetics of the
Baum’s 7iktok; Mechanical mind” (Floridi, 2014)
Turk
Al Spring 1943-1956 Alan Turing (Computing Foundational stage; Al as
— The Birth Machinery and Intelligence, “machines that think”; first
of AT 1950); Turing Test; operational test of intelligence;
Dartmouth Conference optimistic “Strong AI” vision
(McCarthy et al., 1955)
Al Summer — | 1956-1969 Newell & Simon (Logic Symbolic reasoning and heuristic

Theory Machine, General
Problem Solver, 1956);
Minsky (Semantic Information
Processing, 1968); Feigenbaum
& Feldman (Computers and
Thought, 1963)

search; intelligence as formal
manipulation of symbols; GOFAI
paradigm; heuristic methods

AT Fall/ 1970s-1990s | ALPAC (1966) and Lighthill | Disillusionment with symbolic
Autumn — (1973) reports; Dreyfus Al (first Al winter) followed by
From Expert (Whar Computers Still Can't pragmatic recovery; emergence
Systems to Do, 1992); Expert systems of knowledge-based systems;
Rational (e.g. MYCIN, DENDRAL); transition to rational-agent
Agents Russell & Norvig (Artificial | paradigm; Al defined as systems
Intelligence: A Modern that “think or act rationally”
Approach, 2003); Kurzweil
(1990); Poole et al. (1998);
Nilsson (1998)
Big Data & |2000s-2010s |LeCun etal. (1998), Hinton | Data-driven and neural models;
The Third AI et al. (2006); Ciresan et al. massive datasets and GPU
Boom — The (2011); AlphaGo (2016); revolution; intelligence as adaptive
New Spring GPT architectures (2018—) | pattern recognition; beginning
discussion of explainability and
cthics
Contempora- | 2020s—present | OECD (2023); EU AI Act Operational and legal definitions;
ry Al — Regu- (2024); AI Watch (Samoili et | focus on autonomy, adaptiveness,
lation, Ethics al., 2020) responsibility, and ethical
and Fractal transparency; recognition of “too
Definition narrow and too broad” paradox in

Al definitions
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Table 2. Overview of Al “booms” by period and characteristics
Boom Approx. | Typical Label Main Focus/ Key Authors/ Outcome
Years in Your Text Technological Systems
Paradigm Mentioned
First Al | mid-1950s | Al Spring— Symbolic logic, Turing (1950); Great optimi-
Boom — mid- Birth of AT — | rule-based reasoning, | McCarthy etal. | sm and fun-
-1970s AI Summer — | early heuristics (1955); Minsky | ding; collapse
Golden Age (GOFAD (1968); Newell after ALPAC
& Simon (1956, | (1966) and
1959) Lighthill
(1973) reports
— First Al
Winter
Second | mid-1980s | A/ Fall/Autumn | Expert systems, Dreyfus (1992); | Renewed
AT Boom |- late — From Expert | knowledge-based Feigenbaum & optimism
1990s Systems to Rati- | reasoning, later rati- | Feldman (1963); | via expert
onal Agents onal-agent models | Russell & Norvig | systems; ended
(2003); Kurzweil | with market
(1990) saturation &
high mainte-
nance costs
— Second Al
Winter
Third AT |2000s — Big Data & The | Data-driven ML, LeCun et al. Ongoing era;
Boom present New Spring Deep Learning, (1998), Hinton et | exponential
neural networks, al. (2006); Cire- | growth;
LLMs san et al. (2011); | raises ethical,
AlphaGo (2016); | regulatory
GPT series and societal
questions (Al
Act, 2024)
—
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