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Abstract
This article examines artificial intelligence and shows how it is embedded in a history of tech-
nology. It develops a philosophical classification of tools as technologies based on the degree
and nature of mediation that technology provides between humans and the world. Drawing
on phenomenological and post-phenomenological conceptions—in particular the work of Ihde,
Heidegger and Merleau-Ponty—it identifies five distinct stages in the historical development of
technology, ranging from simple passive extensions of the body to advanced artificial intelligence
systems. Each stage is defined by a qualitatively different mode of technological mediation between
humans and the world, each transforming human perception and intentionality in increasingly
complex ways. The most recent contemporary fifth stage in the evolution of technology, is char-
acterized by the use of artificial neural networks, and the article demonstrates that a significant
break from lower artificial intelligence systems separates this technology. Unlike simpler machines,
these systems exhibit partial autonomy, are not epistemically transparent, and their outputs are
unpredictable, forcing us to rethink their instrumental nature and the nature of instrumentality
itself.
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Introduction
One of the recurring themes of philosophical inquiry is the relationship between humans and
technology, from ancient considerations of tools for crafts (τέχνη, techné) to contemporary
debates about artificial intelligence and robotic systems (James 2019). This article considers
artificial intelligence in the context of the historical development of tools and technologies, and
proposes a systematic typology of technological development, based on phenomenological and
post-phenomenological analyses and drawing on insights from cognitive science. Instead of
the classification of technologies according to their social role and context, which is common
among many authors (Mumford 1934; Marx 1990; Nolan and Lenski 2009), this study adopts
a functional-structural approach based on emphasizing the nature of the mediation between
human intentionality, technology and the world.

Taking as a starting point the works of Don Ihde, Martin Heidegger, Maurice Merleau-
Ponty, James J. Gibson and others, our study explores the evolution of the human relationship
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to tools, or technology in general, from simple hand tools to contemporary advanced artificial
intelligence. Each stage of described historical trajectory shows the fundamentally different
nature of tools or technologies, showing a progression from tools functioning as simple
extensions of limbs to tools increasingly gaining independence and autonomy. Mapping
this evolution not only allows us to better clarify the philosophical conception of tools and
technologies, but also to provide a framework for understanding the ontological context of
AI technologies.

The final part of this study focuses on advanced artificial intelligence systems based
on artificial neural networks, showing that they represent a fundamentally new form of
technology. These systems exhibit a high degree of autonomy, are epistemically largely
unpredictable, and their behavior is nontransparent.

These systems go beyond the classical notion of tools, which understands them as an
extension of the human body and intention. As a result, we show that it will be necessary
to rethink a number of philosophical categories associated with the relationship between
humans and technology. We conclude the text by speculating on a hypothetical sixth stage
of technological evolution: the emergence of artificial consciousness.

Philosophical Approaches to Tools and Technological Mediation
The proposed typology of technologies and its conceptual framework is based on an explo-
ration of several influential philosophical perspectives on tools and technological mediation.
Drawing on phenomenology, postphenomenology and Gibson’s ecological approach, this
section delineates the essential components of the relationship between humans, tools and
world. This analysis provides a starting point for understanding how technology transforms
human perception, action and intentionality, and places in context the subsequent distinction
between different stages of technological development.

If we wish to clarify the nature of the relationship between humans and technology,
we must start with their distinction from a non-technological, natural, approach to the
world. Ihde (1979, p.18) distinguishes two approaches to the world. The first is the non-
technological approach to the world according to the scheme Human → World. The second
is approach in which the instrument has a mediating role in the relationship between humans
and the world: Human—Instrument—World. For Ihde, the simplest example of technology is
the dentist’s probe, a pointed piece of stainless steel that the dentist uses to probe his patient’s
teeth.

Other authors, e.g. Sullins (2011, p.152) in this context talk about the trinity of user, tool
and victim—the term victim shifts the discussion to the moral domain, where we usually talk
about situations where the user uses technology to injure a victim. This is, of course, a very
specific approach that has its place in moral theory, but in this text we will draw on Ihde’s
approach, which is not so directly normatively loaded.

Ihde analyses the use of technology in general—a dentist’s probe used to check the health
of a patient’s teeth is an informational tool—for it is used to collect information about the
patient’s teeth. In doing so, the dentist does not feel his probe with his hand but feels the
tooth with the probe. Ihde’s dentist is similar to the blind man, in the example given by
Merleau-Ponty, who uses his stick to feel the space where he is walking—the stick is thus an
extension of the blind man’s touch: “The blind man’s stick has ceased to be an object for him,
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and is no longer perceived for itself; its point has become an area of sensitivity, extending the
scope and active radius of touch, and providing a parallel to sight.” (Merleau-Ponty 2005,
p.165).

The realization of the intention to touch thus occurs at the end of the dentist’s probe, at
the end of the blind man’s cane. Ihde (1979, p.19) says that the dentist feels the surface of the
tooth at the end of the probe, not the probe at the point where it touches his palm—this is
touch “at a distance”. It turns out that not only sight and hearing are senses that can mediate
sensory perceptions at a distance, but this is also the case for touch, which of course needs
technological mediation. The technical enhancement of touch can take several forms based
on different stages of technological development.

This type of tools is also thematized by Heidegger (2010, p.68) from which Ihde draws
inspiration when he distinguishes different ways of human experience of the world. Human
activity in the world largely consists of skillfully handling the things that are in the world.
Useful things are in many cases simple tools—utensils for writing, utensils for sewing, utensils
for working—but then there are often more complex technologies. These things have
a pragmatic character, Heidegger refers to the Greek term πράγματα (pragmata), which refers
to “things” in general, but is derived from the word πρᾶξις (praxis), denoting human activity
or action. In this world view we thus understand things, as useful things, as tools [Zeug].

In this sense, it is possible that the Greeks, who understood things as πράγματα (pragmata),
understood them primarily through their practical function, through their utility to them-
selves. We can consider in this context that they did not have a concept of a neutral thing
that did not have a pragmatic purpose. A thing, the moment it becomes an object of human
thought, always takes on a pragmatic aspect at the same time—at least in the background
there is a consideration of what this thing can be useful for in human πρᾶξις (praxis) (Aristotle
1926, VI.2–5; Heidegger 2010, §15–18).

Heidegger emphasizes the relational character of these things—he says that a useful thing
is essentially “something in order to [um-zu]...” (Heidegger 2010, §15), it thus involves
a reference [Verweisung] to something else outside of itself. A useful thing is never available
on its own, it is always embedded in a network of all useful things that only make it what it
is: “There always belongs to the being of a useful thing a totality of useful things in which
this useful thing can be what it is.” (Heidegger 2010, §15).

Another related approach to this understanding of tools is the concept of affordances,
developed by Gibson (2015) as part of his broader ecological approach, which was influenced
by the work of Gestalt psychologists but had a number of original moments. The concept of
affordances is based on the observation that when a person (or an animal) moves around in
an environment, they do not perceive their surroundings homogeneously as a neutral space.
The person perceives affordances on objects—places where an action is possible, places that
the object “offers” to the agent, depending on the physical properties of both the agent and
the object. Gibson argues that affordances are consciously perceived directly, they are not an
afterthought derived from primarily perceived properties such as size, shape, and color. The
agent directly perceives the possible points on which action is offered without any additional
conscious processing of the perceived material.

A tool is an object that has affordances, offering us some “in order to” something else.
We can generalize and extend the notion of a tool and consequently something else need not
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be another object, it can be another state of affairs. The handle on the door offers itself to us
as a “tool” whose use leads to a different state of affairs, one where the door is open.

Postphenomenological analyses also show how tools relate to society and the culture
in which they are used. For example, Verbeek (2005, 2011) argues that technologies not
only mediate action and perception, but also influence the moral space of human culture.
Tools modify the experience of individual actions and influence which actions are considered
morally acceptable and how responsibility is distributed within society.

Similarly, Rosenberger (2017) deals with technological mediations in the specific social
contexts of their use. He emphasizes that the role of tools in society depends on the cultural
environment and social practices that can influence how people learn to use tools and how
they are subsequently integrated into human activities. Each tool allows for multiple uses,
and specific practices are always based on social and cultural contexts.

A Functional Typology of Technological Development
In the following text we map the historical development of tools and technologies in general
and divide it into six stages, which can also serve as a basis for the classification of current
tools and technologies.

There have been a number of attempts in the history of philosophy to structure history
in a similar way, but the distinction we propose below is based on the degree and nature of
mediation that technology provides between humans and the world rather than other factors,
and allows us to understand the breakthrough significance of AI technology.

For example, Comte (1830) in his famous distinction of the three stages was primarily
focused on the stages of scientific knowledge, based on the way natural processes are ex-
plained and what role supernatural divine forces play in this explanation. For Marx (1990),
the historical development of the social order, which was correlated with the modes of
production, was of primary interest. Mumford (1934) distinguished the phases of the de-
velopment of society according to the dominantly used materials and energy sources into
eotechnic, paleotechnic and neotechnic phases. In contrast, McLuhan (2002) and similarly
Ong (2012) divided technological development on the basis of the media and communication
technologies used. Closer to our approach is the concept of Nolan and Lenski (2009), who
distinguish phases of societal development by production techniques into Hunting and Gath-
ering Societies, Horticultural and Pastoral Societies, Agrarian Societies, Industrial Societies
and Post-industrial Societies. In their approach, the type of technology used already plays
a more important role although here again it is significantly linked to the nature of the
society. Similarly, Toffler (1990) distinguishes three waves of technological development:
agricultural revolution, industrial revolution and post-industrial or information revolution.

In our distinction, we start strictly from technological leaps, which are based on an
understanding of technology as a generalized form of human tool, and in this understanding
of technology we draw primarily on the aforementioned post-phenomenological analyses of
Ihde (1979), which draws primarily on Husserl and Heidegger.

Although these stages are presented in the following text as a historical sequence of
development, they are rather historically emerged forms of technological mediation that can
continue to coexist in contemporary society without excluding each other.
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The order of the stages is not determined by moral considerations or any notions of
ethical inferiority or superiority. Their order is based on when they appear in human
history. The evaluative dimension contained in the typology relates exclusively to the type
of technological mediation. Later stages surpass previous stages primarily in the sense that
they further expand human capabilities, technological means gain greater autonomy, and
they further transform the epistemic conditions of human access to the world and to these
tools themselves. This hierarchy is therefore more historical-ontological and epistemic than
axiological or ethical.

The First Stage
The earliest, first types of technological tools were purely static in nature, they were extensions
of the limbs with possible enhancements of the sense of touch, such as just the stick, the mallet
or hammer, or today the dentist’s probe.

From a historical perspective, the first documented cases of this form of technological
mediation can be identified in the late Paleolithic and early Neolithic periods. During these
periods, the first stone tools appeared in archaeological finds—these were clubs and simple
hammers. Examples include the Oldowan and Acheulean tool industries, in which tools
function as direct extensions of the limbs, primarily improving strength or reach, without
the use of more complex mechanical principles (Bower 1977).

However, this type of tool is not exclusively used by humans, but is also capable of
being used by great apes. For example, Köhler (1976) has shown in his experiments with
chimpanzees that they are able to use this type of tool. Human use of these early tools is
distinguished by its stability within early communities and integration into their shared
practices. Thus, it is only with humans that we can speak of the historically oldest permanent
form of technological mediation.

Already Kapp (2015, p.40) understood these tools as “organ projections” (Organprojektion)
of human faculties, i.e. for example the hammer as an enhancement and extension of the arm,
optimized for a specific purpose. Heidegger (2010, p.69) calls such a tool “ready-to-hand”,
the hammer is ready to be put to work, no significant cognitive work is required. We do not
approach the tool as a theoretical object with properties, we understand the tool through its
use, through the activity we perform with it, that is, through πρᾶξις (praxis). When we use
a hammer, we do not think about it, we take it in our hand and use it. The “ready-to-hand”
tools are perceived in the activity as an extension of our body, they are directly integrated
into the activity.

But we can approach the hammer in a second way, which Heidegger calls “present-
at-hand”—in which case we stop, for example when the hammer breaks, and look at it
theoretically as an object, rather than seeing it merely as a tool. In this stance, we try to
understand the hammer through intellectual analysis and as such it is not available to animals.
The essential point is that what makes an object a tool or technology is not only its properties,
but also people’s attitude toward that object.

The Second Stage
The second stage in the development of tools is represented by simple, non-powered mecha-
nisms, such as a lever, sometimes consisting of several structural elements, such as a pulley.
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Most are simple machines whose basic functional principle is that they change the direction or
magnitude of a force based on simple physical principles. More complex mechanisms may
involve, for example, interlocking gears. Their systematic use requires cognitive power that
only humans have among animals. Most of these machines are not even capable of systematic
use by apes. Chimpanzees, for example, are able to use a rod as a lever in some experimental
settings, but this appears to be the result of random experiments rather than a systematic
understanding of the principle of lever operation (Malherbe et al. 2024).

From a historical perspective, the emergence of this stage can be traced back to the
beginning of the Neolithic period, to the development of the first agrarian communities in
classical antiquity. At that time, simple machines were not only used in practice, but were also
described theoretically in the form of early mechanical theories, e.g., in Greek engineering
(Koloski-Ostrow 2008). Although these technologies do not use an engine, they require an
abstract understanding of the mechanical principles of operation and application of force,
which indicates a fundamental cognitive and cultural shift beyond technical mediation in the
form of mere physical extension of the limbs.

The use of even the simplest mechanisms such as a lever is cognitively demanding. This
is shown by the classic balance scale experiment proposed by Siegler (1976, p.481). In this
experiment, children’s understanding of proportional reasoning and their problem-solving
strategies regarding the magnitude of force are studied. During the experiment, children are
presented with a balance scale with different weights on either side and are asked to predict
whether the scale will flatten or tilt to one side when released. More complex configurations
of weights require more sophisticated reasoning strategies and the formulation of more
complex rules. Siegler identified four stages of reasoning and rule complexity that children
are capable of as they increase in age: stage 1 (approx. 4–5 years), stage 2 (approx. 6–7 years),
stage 3 (approx. 8–9 years) and stage 4 (approx. 10+ years). This demonstrates that effective
use of even simple machines has a non-negligible cognitive demand.

This experiment shows that reasoning regarding simple machines and other stage two
tools requires significantly higher cognitive abilities than the first type of tools. A lever is
a simple machine that operates in a similar way to Siegler’s balance scale; it is a bar used
in a specific way. This example also demonstrates that it is not just the tool itself that is
important, but also its use—using the rod as a lever, using redirection of force, makes it
a second stage tool.

At the same time, these are still often extensions of our limbs, especially in the case of
simple machines like levers or pulleys. More complex mechanisms that require gears still
often have to be driven by our own power, but their integration with our body is lower.
However, they still have affordances and are seen as something in order to.

The Third Stage
The third stage of tool development comes when some independent source of motion, electric
or otherwise, is available. While a pulley or lever can only increase the force by using the
basic laws of physics, with the use of an additional source of power it is possible to increase
the mediating effect far beyond simple machines.

Although the first machines using water power were already in use in ancient times
(Wilson 2002), historically we can generally locate this stage in terms of its broader social
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scope and impact at the beginning of the modern era and the Industrial Revolution (Ashton
1997). From the 18th century onwards, other external energy sources were systematically
exploited, notably steam, followed by electricity and combustion engines. This transformation
fundamentally changed the way and extent to which human activity affects the world. New
types of machines no longer merely redirected human physical strength based on the laws
of mechanics, but significantly amplified it, both in terms of its power and duration, using
an external energy source. This change enabled forms of technological mediation that
significantly exceeded the limits of natural human muscle power, yet remained entirely
controlled by human will in every movement.

Examples include steam engines, locomotives, diesel-powered construction machinery,
such as cranes, but also motorcycles or automobiles, for example. The word “automobile”
is formed from the Greek word αὐτός (autos) meaning “self” and the Latin word mobilis
meaning “mobile”. They are therefore machines that have their own source of movement
within them, self-propelled machines. However, they have no logic or will of their own;
the self-source of motion is only intended to reinforce the intention and action of the
human being. This is most evident in machines such as the construction crane, but it also
applies to the traditional automobile (not modern automobiles equipped with sophisticated
electronics or even artificial intelligence), as the latter only simplifies and accelerates human
movement/running. In a traditional car, the gears are mechanical, the machine only supplies
the extra force that sets the whole thing in motion. No inherent logic of the machine enters
into controlling direction or speed.

Even in the case of machines like the crane, what was stated above in the case of the
dentist and his probe applies. The centre of attention of the crane operator is the point where
the object being carried is suspended. The experienced crane operator does not control the
crane lever, but the crane arm and its suspension. The point where his hands touch the crane
control levers is completely out of his attention, just as a walking man is unaware of the
contraction of the thigh muscle. The crane is an extension of the crane operator’s limbs, part
of his extended self.

This is similar in the case of machines that enable us to move faster, such as automobiles.
Merleau-Ponty (2005, p.165) gives the following example, “If I am in the habit of driving
a car, I enter a narrow opening and see that I can «get through» without comparing the width
of the opening with that of the wings, just as I go through a doorway without checking the
width of the doorway against that of my body.” (see also Grünbaum 1930).

The Fourth Stage
The fourth stage of instrument development consists of integrating the actual (usually elec-
tronic) logic into the instrument. The tool is no longer a mere mechanical mediator transmit-
ting directly the user’s intention, but can actively participate in the transformation mediating
between man and the world.

These types of instruments have a character that the ancient Greeks referred to with the
word αὐτόματον (automaton)—they act on the basis of their own will, a logic that is, however,
very simple and straightforward. For example, Homer in The Iliad (Homer 2007, 5.749,
18.376) speaks of automatic gates or automatic movement of tripods intended for the gods.
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Historically, however, this stage appeared much later, with the development of cybernetics
in the mid-twentieth century and the development of analog and, in particular, digital
computing technology. Automated machines using electronic control systems represent
another form of technological mediation, where each movement is no longer controlled
directly by human will, but where a human-independent control system is built directly into
the machine itself.

Such a control system can take many forms, and these approaches are generally referred to
as symbolic artificial intelligence. They include if-then rule systems and expert systems, logic-
based knowledge representation methods (e.g., Prolog), formal ontologies, and a whole range
of others (Russell and Norvig 2016). These systems can function independently of humans
in the long term, learn, and process new information. Their activity is still fully determined
by epistemically transparent deterministic operations in quantities that are comprehensible to
humans and is therefore fully predictable and interpretable.

A modern example is an industrial robot, which works autonomously but does not require
the constant human presence, instead having a fixed program that precisely defines each of its
repetitive movements. The essential point is that the resulting action of the tool is determined
by a clearly predictable output of the system, based on a clear, precisely defined sequence of
rules, computational instructions, or straightforward connections of logic circuits.

In this case, technology becomes partially independent of humans—humans enter their
goals into the machine in the form of instructions and settings, and the technology then
works independently, performing preset operations and activities in a given order. The
function of the machine is completely epistemically transparent; every movement and action
has a clearly defined cause that can be identified at the level of a specific operation, which
has a clear interpretation and behind which there is some intention of the human author.
These systems are completely heteronomous, controlled by external input instructions, and
have no autonomy. Such a machine can be very complex, with large sets of instructions
and configuration data. For example, there are plans to create Robot Scientists that would
be capable of automating all aspects of the scientific discovery process (Sparkes et al. 2010).
However, the machine is still understood as a tool—something in order to—but affordances
may be lacking, for example, in an industrial robot.

When we talk about independence from humans, we must distinguish between two forms
of independence: operational/functional autonomy—the ability to act without direct human
intervention; socio-epistemic autonomy—independence from human practices, cultural and
social norms, and the resulting interpretive structures. In this case, we are referring to
independence in the first sense. The concept of technological independence described in this
stage of the analysis cannot be understood as separating the tool from human social contexts.
It is operational autonomy in the narrow sense, meaning that the system can function
over longer periods of time based on a set of rules and change its operations according to
them without direct human supervision and active intervention. This form of autonomy is
embedded in socio-cultural frameworks created by humans, particularly through decisions
that are reflected in the very design of the sequence of rules according to which the machine
operates.

Research in the field of the philosophy and sociology of science and technology (STS)
shows that even very complex computing systems remain embedded in human socio-cultural
practices and institutional structures. For example, Leonelli (2016) showed that both com-
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putational systems and the data used in them are linked to a number of human practices
(annotation, categorization, interpretation, data management) and are therefore not solely
dependent on the functioning of the technology itself. However, recognizing this social
embeddedness does not conflict with the fact of increased operational autonomy and in-
dependence from humans. On the contrary, it clarifies that operational autonomy at the
level of machine functioning and its individual activities can be accompanied by increased
interconnection with human practices at the socio-epistemic level.

The Fifth Stage
The fifth and currently highest level of tool development is represented by technologies
equipped with advanced artificial intelligence based on artificial neural networks. These
incorporate a high degree of autonomy and unpredictability. This is also a fundamental
difference distinguishing this degree of technological mediation—it is epistemically opaque,
meaning that the activity of these machines is not only independent, but also impossible to
fully interpret and understand—these systems are often referred to as black boxes.

Historically, we can locate this stage at the turn of the 20th and 21st centuries, and
it is closely linked to the development of deep neural network technology and machine
learning architectures based on it. The very concept of artificial neural networks originated
in the mid-20th century and developed more or less in parallel with symbolic approaches.
Artificial neural networks (and connectionist models) are therefore neither historically nor
conceptually newer than symbolic systems, but they were limited by theoretical and practical
constraints. Theoretical limitations were gradually overcome from the 1980s onwards,
when the mathematical foundations of modern neural networks were laid. Subsequently,
advances in the availability of raw computing power and reductions in the cost of computer
hardware made it possible to build large artificial neural networks of previously unimaginable
complexity, with trillions of connections (parameters) between nodes, enabling the current
development of artificial intelligence based on these approaches.

In traditional terminology, the term “artificial intelligence” includes both older symbolic
(rule-based and similar) systems and new systems based on large artificial neural networks.
According to our classification, symbolic systems belong to the fourth tool class, while
advanced systems based on artificial neural networks belong to the fifth tool class. The use
of the term artificial intelligence for such a wide range of systems largely obscures how
significant shift in technology the introduction of large artificial neural networks represents.

Although, at a practical level, current artificial neural network-based artificial intelligence
systems are programmed using standard deterministic programming languages and algo-
rithms, yet, as a result of the vast quantity of artificial neurons and their interconnections (in
the trillions) and learning capabilities, the outputs of these systems are often inexplicable in
the standard way used in the case of symbolic artificial intelligence.

Artificial intelligence is usually divided into weak and strong (Russell and Norvig 2016,
p.1020). The term Weak AI refers to systems focused on solving a single narrowly defined
task, such as driving a vehicle, predicting the weather, or controlling the electricity supply.
Conversely, the term Strong AI refers to hypothetical systems that solve complex tasks
requiring the use of intelligence as well as or better than a human, but are also general-
purpose, i.e., can solve the same breadth of task types as a human, without the need for
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prior learning of individual narrowly defined task types. Strong artificial intelligence is
also referred to as Artificial General Intelligence (AGI). Hypothetical, also not yet existing,
artificial intelligence with significantly higher capabilities than humans is referred to as
Artificial Superintelligence (Bostrom 2014).

Previously, the Turing test was considered the criterion for achieving advanced artificial
intelligence (Turing 1950). The current most advanced artificial intelligence systems—large
language models—have successfully passed this test (Biever 2023; Jones and Bergen 2025).
However, if we classify large language models according to distinction of strong and weak
intelligence, the consensus is that large language models are a very advanced form of weak
AI that is focused on processing and producing high quality textual output. Large language
models are based on probability theory. The first step in their use is to process extremely large
sets of textual data from which probabilistic information about the relationships between
words and expressions are extracted, and these are then encoded into the parameters of an
artificial neural network. The resulting large language model can then be used to construct
meaningful language outputs based on the input texts.

Thus, language models predict the likelihood of the occurrence of a subsequent linguistic
expression on the basis of textual (context) in the range of up to several thousand words. An
artificial neural network successful in this prediction typically has a range of several billion
parameters.

The well-known application of large-scale language models is in popular chat applications,
however, this technology has been applied in a large number of other applications. Chat
programs (e.g., OpenAI ChatGPT) allow to generate coherent, meaningful and contextually
relevant answers to the questions asked and to have a meaningful conversation. Large language
models are based on probability theory (Brown et al. 2020), but they are able to synthesize
texts in an innovative way that produces meaningful results. However, large language models
do not understand language in the same sense that humans do. Some authors refer to them
as stochastic parrots that merely repeat text with probabilistic word combinations without
understanding its meaning (Bender et al. 2021).

Although the capability of large language models is based on probability the resulting
text is not a mere rearrangement of the input data or a copy of it, but shows a high degree
of originality and competence (Floridi 2023). The use of probability and artificial neural
network technology does not diminish the capabilities of large language models, which is
why other authors reject this comparison to a parrot (Arkoudas 2023). All these factors are
the reason why large language models are usually classified as very advanced weak artificial
intelligence.

At the same time, it should be emphasized that large language models lack the subjective
conscious phenomenal experience, semantic grounding in experienced reality, and intention-
ality of the human kind that are typical of human thought and cognition and thus of the
human way of being. Unlike humans, language models do not have a subjective “existence
in the world”; they are not “at home” in the world (Pacovská 2024). The general consensus
is that large language models do not have consciousness (Goertzel 2023; Vervoort, Mizyakov,
and Ugleva 2023).

The question is to what extent can we consider large language models as tools. For
example, Hongladarom and van der Vaeren (2024) say that ChatGPT goes beyond the
classical understanding of the technological mediation of reality to the human, arguing that it



More than a tool. . . 83

acts as a kind of hermeneutic agent. In this sense they claim that ChatGPT can to some extent
“perform the human”. Similarly, Thai Vo-Nhu (2025) rejects an instrumentalist approach to
this technology, arguing that it cannot be considered just another neutral tool.

In this sense, large language models are transcending the capabilities of traditional tech-
nologies and reaching a new level of autonomy and independence from humans. While an
industrial robot following precise rules can also work independently, its function is limited
by predefined deterministic procedures that are precisely predicted and planned by humans.
A traditional industrial robot is a tool that is several stages more advanced than a hammer,
but its function is based on human planning. Man has pre-planned and thought through
every aspect of its function in detail in his imagination, and every movement somehow
accomplishes the purpose for which it was built and programmed. The traditional industrial
robot and other similar technologies that belong to the fourth stage of development are
merely tools working alone, their function fully subordinated to human goals, planning and
imagination.

However, systems based on artificial neural networks go far beyond the functioning of
rule-based systems or straightforward algorithms. Their behavior is neither fully predictable
nor plannable. We can design and train an artificial neural network with a goal in mind,
but the resulting behavior may always exhibit unexpected anomalies of deviation, sometimes
harmful, but at other times highly original and beneficial. How it internally arrives at
its decisions is opaque, often referred to as black-box systems or unexplainable artificial
intelligence.

Despite their sometimes outstanding performance, current systems based on large neural
networks have a number of shortcomings. For example, large language models are trained
on large volumes of text data and therefore adopt and sometimes even amplify social biases
contained in the training data (Bender et al. 2021; Weidinger et al. 2021). Large language
models also tend to generate credible-looking but factually incorrect outputs—so-called
hallucinations—in certain contexts, which stem from their reliance on probabilistic calcula-
tions rather than actual understanding of content (Marcus and Davis 2020; Ji et al. 2023).

Another problem is that how they internally arrive at their decisions is opaque, often
referred to as black box systems or unexplainable artificial intelligence. The characterization
of these systems as black boxes does not refer to a single phenomenon, but encompasses
several dimensions of opacity. First, we are talking about technical opacity, which is due to
the quantitative scope of the models, as they involve trillions of connections between nodes,
making it impossible to directly control the model. Second, we are talking about epistemic
opacity, where it is not possible to fully reconstruct the semantic causal paths leading from
the input to the output, i.e., to explain and interpret why the neural network produced the
output it did. Thirdly, we talk about phenomenological opacity—a neural network is not
a transparent mediator of human-defined intentions, but works as an autonomous machine
that generates outputs based on internal logic, which, although created in a human-defined
learning process, is inaccessible to human interpretation.

These types of opacity have been comprehensively analyzed in the literature. Pasquale
(2016) and O’Neil (2016) focus on the social risks of opacity. Zerilli et al. (2019) deal with
epistemic opacity and the difference between explainability and understanding, and Rudin
(2019) calls for the use of information systems whose decisions can be fully interpreted. At
the same time, opacity motivates extensive research initiatives aimed at making the results
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of these systems easier to interpret and explain—explainability is one of the main areas of
research in artificial neural networks (Gilpin et al. 2018).

In general, epistemic opacity is considered a fundamentally new characteristic of these
systems, which is one of the reasons for their inclusion in a separate stage of technological
mediation development.

Can we still consider such epistemically opaque systems to be tools? Rather, we can
compare the relationship between humans and modern artificial intelligence based on artificial
neural networks to the relationship between humans and dogs (Sullins 2011, p.152). Humans
have been breeding dogs for their purposes for thousands of years, and if by technology
we mean the manipulation of nature to achieve human goals, then according to Sullins,
domesticated dogs also fall under technology. Yet dogs have a certain degree of natural
intelligence and we systematically train them to improve their abilities in tasks we define. Such
a task can be both attacking another human and helping the visually impaired. Dogs’ behavior
is not always completely predictable, and it is not possible to train a dog to completely control
and predict all aspects of its behavior. The dog is always a partially autonomous, individual
being. Modern artificial intelligence systems based on artificial neural networks, or in the
future robots that will incorporate such systems, are much more like dogs than older industrial
robots. At the same time, similar to dogs in the past, robots based on artificial intelligence may
act as assistants and guides for people in the future, which is why some authors demand that
these technologies be generally available (Špecián and Špeciánová 2025). We therefore list
them as a fifth separate stage of technological development in our classification to highlight
their uniqueness and transformative nature with respect to society.

Are these artificial intelligence systems tools? In a sense, yes—but in the same way that
dogs are tools, i.e., they are trained for our purposes and our goals, which they help us achieve.
Unlike the lower-level tools, they are not just a tool, but have a degree of autonomy and
independence beyond that, and in this they transcend the trait of tools.

Let us now return to Merleau-Ponty’s conception of the tool quoted above. For the blind
man, the cane is not an object, it is not perceived; the blind man feels directly with the tip of
the cane, not at the point of contact of the skin of the hand with the cane. The tip of the cane
is the sensitive area with which the blind person palpates the surface in front of him. It is an
extension that extends the range and active range of the blind person’s touch. Can a system
based on artificial neural networks become a tool in this way? Can it become an extension of
the natural abilities of man? In certain cases, yes, if it fully supports the human user—we are
referring to various smart assistance systems that anticipate the user’s intentions and correct
their direct actions to match their intentions. However, in most of their applications, such as
conversational language models, their autonomous nature will often be apparent and will at
least partially remove the human user from their straightforward use.

The Sixth Stage
In this context, can we think about a hypothetical sixth, even higher level of technology?
Above, we made a comparison between a dog and an advanced artificial intelligence system.
However, there is one important difference that we have not mentioned—the dog has
a certain level of consciousness, whereas the scientific consensus for artificial intelligence
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systems based on artificial neural networks is that they do not possess consciousness (Goertzel
2023; Vervoort, Mizyakov, and Ugleva 2023).

Thus, as a sixth, hypothetical level of technology, we can consider a technology possessing
artificial consciousness. It is important to stress again that we must distinguish the question of
artificial intelligence from the question of artificial consciousness. Systems of strong artificial
intelligence or even systems of artificial superintelligence may exceed humans in solving
most tasks, but they may not have human-like consciousness.

We understand this stage as a borderline case, based on the conceptual structure of the
proposed typology. The first five stages concern technologies that are mediating in nature—
they are linked to human intentionality, but with each subsequent stage, this link loosens
and the tools become ontologically independent, epistemically opaque, and transition from
heteronomy to autonomy. However, these tools are still not subjects of experience; they
remain unconscious technological mediators of human intentionality. If we consider the
hypothetical possibility that technology could acquire artificial consciousness, we understand
this as a way of exploring the extreme limits of the hierarchical scheme described above.
A description from the perspective of purely instrumental mediation ceases to be adequate
here, and categories associated with subjectivity are required to reflect the ethical issues
associated with any entity possessing consciousness. mutual agency.

At this stage, we use the term “consciousness” in a phenomenal sense, which means
that we understand it as a state in which a machine has subjective experience (Chalmers
1995) or a state of “what-it-is-like” (Nagel 1974). This is not just about the sophistication
of a machine’s functioning or the degree of its autonomy, but rather a hypothetical system
that has conscious experience. This stage is currently speculative and is a borderline case, an
ideal form, not a technological milestone. We do not prefer any of the competing theories of
consciousness here—global workspace theories (Baars 1995; Dehaene 2014), higher-order
theories (Rosenthal 2010), and integrated-information theory (Tononi 2008). However, the
possibility of this stage assumes that consciousness is physically realizable in non-biological
systems, which is not a claim accepted by all authors (Block 2009; Chalmers 2010). If it
were not valid, this stage would never be realistically achievable through non-biological
technologies.

The sixth stage, as a borderline case, also has a methodological role in this classification:
it takes into account the difference between autonomy or unpredictability and consciousness.
The fifth stage is characterized by a qualitative shift towards systems that are epistemically
opaque, whose actions cannot be interpreted straightforwardly because they are based on
learned patterns encoded in trillions of connections in an artificial neural network. These
systems may outwardly show signs of a certain autonomy, i.e., they follow rules that they
themselves have created in the process of learning from a huge amount of empirical data.
This behavior may tempt some interpreters to assign agency or subjectivity in a strong
sense—that is, to assign consciousness. By explicitly separating fifth-stage systems, capable of
autonomous technological mediation of human intentionality, from hypothetical sixth-stage
systems, capable of conscious subjectivity, we methodologically avoid confusion at this level.
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Outline of the Proposed Stages
The stages described above are conceived as ideal types rather than historically accurate
reconstructions of the sequence of scientific progress. The criteria distinguishing the stages
are functional and epistemic, which means that some technologies may fall into borderline
areas between stages. The stages are cumulative, meaning that technologies characteristic of
higher stages often include attributes of lower stages. The following table clearly shows the
characteristics of the stages described above.

Table 1. Stages in the development of technology

No. Characteristics of the stage

1 Extension of limbs.
2 Simple mechanisms that change the direction or magnitude of a force based on simple physical

principles.
3 Mechanisms using an independent source of motion.
4 Technology that integrates a control system, including rules, logic, or algorithms.
5 Technologies equipped with advanced artificial intelligence based on large artificial neural

networks.
6 Technology with artificial consciousness.

The order in which the individual stages of technological mediation are presented reflects
the increase in the scope and depth of mediation. The tools typical of the first stages of
historical development directly expanded the capabilities of the human body, but they were
still fully controlled by human will. Later technologies increasingly lead to the independence
of tools from human will and independent activity, initially based on logic or rules, but later
also on increasingly independent decision-making. This change also alters the structure of
action and responsibility in ways that are ethically problematic in many cases.

This is also related to the trust with which we relate to the means of technological
mediation, which is an implicit factor present in all stages of the proposed typology, a problem
that has been explored by a number of authors (Lee and See 2004; Hoff and Bashir 2015). In
the first forms of tool use, we can understand trust as embodied. In the case of a dentist’s probe,
we rely on it to faithfully transmit tactile information, so it is usable and works properly,
and therefore can be trusted in the sense of a bodily extension. As a result of this implicit
embodied trust, it recedes from thematic attention and is transparent in the sense explained
by Ihde. Similarly, in stages two and three, trust is unquestionable, as tools and machines
operate on causally epistemically transparent principles. This comprehensibility directly leads
to trust, which, although lower than in the first case, is still stable. We trust a lever mechanism,
a traditional mechanical machine, or a crane because their movements are predictable and
understandable; in the case of incomprehensible activity, it is a malfunction that can be
relatively easily diagnosed, understood, and eliminated based on causal principles.

In the case of fourth-generation technologies, which have internal logic, trust becomes
more conditional. Once configured and launched, these systems can operate independently,
without human intervention, but their symbolic, logical or rule-based nature ensures epis-
temic transparency. As in the previous case, in the event of unexpected or incomprehensible
activity, it is possible to stop the machine, fully diagnose and understand the causes of the
malfunction, and restore trust.
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Technologies based on artificial neural networks falling within the fifth stage pose a fun-
damentally new problem of trust. These systems can no longer be trusted on the basis of
predictability, epistemic transparency, and understanding of the causal chains of their internal
functioning. Although these systems operate on causal principles, their quantitative scale
(trillions of connections between nodes) makes it impossible to fully understand the causality
of their actions, rendering them largely opaque to users. This and their autonomy undermine
the basis on which simpler types of tools and machines were trusted as forms of extension
of human intentionality. The problem of trust that arises from this situation is not only
psychological, but also ontological. Such systems no longer function as technological means
of mediation between people and the world, but achieve a degree of independence and
autonomy as a result of which their actions can only be predicted probabilistically, and trust
in them is thus considerably limited.

Conclusion
Drawing on phenomenological and postphenomenological frameworks, this paper assumes
that tools and technologies are not merely neutral objects, but actively shape human per-
ception, possibilities of action and corporeality. On this basis, we propose a typology of
technologies based on the degree and nature by which technologies mediate between human
intentionality and the world. This typology starts from simple hand tools and continues to
contemporary artificial intelligence systems.

All stages of technological development—from early tools that exist only as extensions of
limbs by means of rods, or to strengthen or refine them as in the case of levers and other
mechanisms, to more complex machines that have their own power source and machines
with built-in logic, to autonomous artificial intelligence systems—represent a fundamental
advance in the relationship between tools and the human body.

The conclusion of our argument is that current artificial intelligence systems based on
large artificial neural networks are not just an improvement on older, symbolic systems, but
are a qualitatively new form of technology that is partially autonomous, fully unpredictable,
and largely opaque, and thus to some extent uncontrollable by humans. In this sense, these
AI systems go beyond the classical conception of tools as extensions of the human body or
intentionality and force us to rethink existing conceptual categories.

At the same time, these systems do not yet possess consciousness and thus do not represent
conscious agents comparable to humans. The hypothetical emergence of a technology
equipped with artificial consciousness—if it ever occurs—would be another major ontological
breakthrough, and we would understand such a technology as a sixth, fundamentally different
type of technology, with its emergence leading to major philosophical implications.
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