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Abstract

In the human world, two entities coexist with different dy-
namics of evolution and adaptation. The living and the techno-
logical. The living dominated by evolutions with a logarithmic
dynamic and the technological dominated by an exponential dy-
namic. Humanity and Artificial Intelligence are representative
of the two entities. Their relationship is increasingly tested by the
complexity it generates in the human world, which comes with
an additional dimension, that of the population that also grows
exponentially. Can we hope, under these conditions, for a sav-
ing evolution that allows us to control an exponential complex-
ity using our capacities that evolve logarithmically? Perhaps a
well-tempered control of this complexity through human-AI co-
evolution can offer a solution. We believe that this prefigures a
process of deeper understanding of what the human being is with
all the limitations that we have not yet been able to accept.

The noosphere (Teilhard de Chardin [7, 8], Vladimir Ivanovich Ver-
nadsky [49]) and the technosphere (Tudor Vianu) manifest themselves
with maximum intensity in a product that they support convergently:
Artificial Intelligence (AI). It is for the first time in the evolution of the
human world in which the two spheres emanating from the biosphere
collaborate in the emergence of an entity with characteristics borrowed
from both spheres. Indeed, AI is not only a manifestation of the noetic
nor only a technology. Through the uniqueness of the approach, will AI
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be able to lead us beyond what humanity is today? Just as technolog-
ical evolution has had a major impact on human behavior throughout
history, we expect major transformations corresponding to the level of
novelty and efficiency of AI [26, 38].

Figure 1: The shape of an exponential function (blue) and a logarithmic
function (green) compared to the shape of a linear function (red).

The science that reveals and the technology that imposes both evolve
under the impetus of the exponential growth of technological capabil-
ities in the context of another exponential; the exponential growth of
population. The human capacity for research and innovation, which
evolves logarithmically (see Figure 1), adapts with difficulty to expo-
nential developments due to a natural inertia, imposed biologically, cul-
turally or institutionally. Likewise, the capacity of the population to as-
similate and use new knowledge and technological products is limited
by a similar inertia. Research funding policies and the appetite of in-
vestors in new technologies are fundamentally affected by the distorted
way in which science and technology are perceived by decision-makers
and the public. The incompetence of politicians and the greed of in-
vestors, in the context of the increasing complexity of the world dom-
inated by more subtle self-organizing mechanisms than ever, require a
radical solution, easy to define but very difficult to implement. It is
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about education, as part of the learning triad that involves instruction
- training - education. Education, as the ability to decide where nei-
ther reason nor imagination succeeds, is the most ignored component of
learning. Therefore, we will have to review our educational strategies
starting with the fairy tales we tell preschool children.

Therefore, man must find how to cope with the complexity, brought
by the two exponentials in the human world, with his logarithmically
limited capacity to evolve.

1 Under the imperium of two exponentials
The human world, which emerged under the pressure of survival in-
telligently controlled by man, is characterized by processes of evolu-
tion and adaptation that lie between two extremes. At one extreme we
have processes with a logarithmic dynamic (this concerns the behav-
iors of the living embodied in human life, but also in the structures of
human communities), and at the other extreme processes with an ex-
ponential dynamic (this concerns technological developments). Linear
developments are rare, episodic or masking exponential ones in the ini-
tial phases of growth.

In Figure 1 the three types of evolution are represented. In the hu-
man world, extreme types co-exist in a tension that, until now, has stim-
ulated a historical evolution along the path of progress that almost all of
us recognize.

No one guarantees that the current evolution has or will have an
upward course from the point of view of quality (to the extent that a
qualitatively upward evolution is easy to characterize). For this reason
we limit ourselves to quantitative assessments. In this sense, the evo-
lutions of the last millennia, even if they were exponential, occurred
apparently linearly until around 1800, because exponentials had not yet
shown their effects1. But in the last 70-80 years we have entered the
area of evolution in which exponentials begin to show their ”explosive”
effects.

In this context we must accept that the human world is marked by

1As we know, an exponential function ( f (x) = ax) has an evolution that can be
sufficiently well approximated as linear for very small x.

3



two developments that have proven exponential: population and tech-
nology.

1.1 The two exponentials
1.1.1 Exponential population growth

The exponential nature of population growth was not evident until the
early 19th century. But it has become very evident in the last century.
In Figure 2 we see a deceptively linear increase until around 1800, then
a markedly explosive one after 1950.

Figure 2: In about 2000 years, between 1950 and 1960, the population
multiplied about 10 times, while in the last 70 years the population has
multiplied > 3 times.

In conditions of exponential quantitative growth of the population,
the quality of this population becomes increasingly important. Thus,
the most important problems are related to the conscious behavior of
the average person. The human world depends on many factors, but
we are used to evaluating its quality mainly from the perspective of hi-
erarchical organizational control structures, forgetting that everything
could start from the quality of the individuals who populate it. Thus,
the quality of the exponentially growing population becomes particu-
larly important, so that in addition to the total number, the composition
of the population is important. Interesting from this point of view is
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Robert Kegan’s approach which highlights 5 orders of consciousness
[22, 23] offering a powerful framework for understanding how humans
make meaning across the lifespan. At its core, his approach argues that
development is not just about gaining knowledge but about transform-
ing the structure of our knowing — shifting what we are subject to into
what we can hold as object and reflect upon.

Kegan’s model is one of the most influential constructive-
developmental theories because it explains why adults differ so much in
how they handle complexity, relationships, and inner life. Its strength
lies in showing that psychological growth continues well into adult-
hood, but its limitation is that few people reach the later stages, and
the model can be hard to empirically measure. Each order represents a
qualitative shift in how a person constructs reality:

First Order: Impulsive mind

Typical for early childhood (2-6 years). Experience is driven
by perceptions and impulses; typical of early childhood. The
child’s experience is dominated by raw perception and moment-
to-moment impulses. There is no stable sense of self across time.
The world is experienced as a series of immediate events.

Second Order: Instrumental mind

Typical for older children, adolescents. The self is guided by con-
crete needs, preferences, and rules; others matter only insofar as
they affect one’s own goals. The person now has stable prefer-
ences and can follow rules, but sees relationships in instrumental
terms: “What do I get out of this?” Others matter only insofar as
they affect one’s own needs. She/he can plan and delay gratifica-
tion, can follow rules and negotiate, or can understand that others
have different perspectives but not coordinate them.

Third Order: Socialized mind

Typical for most adults (unfortunately ∼ 58%). Subject to expec-
tations of others, group norms, identity roles. The self is authored
by the environment. Identity is shaped by relationships, expecta-
tions, social roles, belonging, loyalty, and alignment with groups,
institutions, or belief systems. The person internalizes the values
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of family, culture, religion, or profession. The self coheres by its
alignments with, or loyalty to, the people or ideas with which it
has uncritically become identified.

Fourth Order: Self-authored mind

Typical for a minority of adults (unfortunately only ∼ 35%). Sub-
ject to one’s own ideology, self-constructed system. The individ-
ual becomes capable of authoring their own belief system, rather
than inheriting it. They can evaluate external expectations rather
than be defined by them. They can hold a coherent ideology or
personal philosophy that guides decisions. The individual cre-
ates their own internal value system and can evaluate external ex-
pectations rather than be defined by them. Self directed and self
authoring individuals having identity and ideology given by in-
terpersonal relationships and reciprocity. Shortly, a self-authored
mind take responsibility for its own development.

Fifth Order: Self-transforming mind

Characteristic for extremely rare adults (∼ 1%). Subject to one’s
own self-authored system. Identity becomes fluid, dynamic, and
multi-perspectival. The person can hold multiple systems simul-
taneously, see their limitations, and integrate contradictions. They
are not defined by any single ideology, identity, or worldview.

Kegan’s framework is one of the most insightful ways to understand:

• why people differ in their ability to handle complexity

• how adults can grow through transformative learning

• what psychological capacities modern life demands.

His work is especially relevant today, when individuals face unprece-
dented complexity and must navigate multiple, often conflicting, sys-
tems of meaning.

When more than half of the exponentially growing population is
unable to critically respond to the challenges of the world it floods, a
radical inversion is urgently needed, in the sense that we must reach,
by an appropriate educational reform, a population with ∼ 35% in 3-O
and ∼ 58% in 4-O.
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1.1.2 Exponential technological growth

In the field of technologies, exponential growth is more spectacular.
We witness growths qualified as super-exponential in technologies that
evolve under the influence of their own evolution. This is the case of
some technologies related to the externalization2 of functions through
which the noosphere and the technosphere was shaped in the human
world. This is the succinct but wrongly named field of computation. In
fact, it is about the externalization of the decision function in a techno-
logical space where information is the dominant actor.

The history of computation has its origins at the confluence of sev-
eral subdomains of the noosphere that have interacted, over a history of
more than two millennia, with advances in the technosphere space. It
was not just one history, but we are dealing with several histories.

A first history, in the space of the noosphere, is a conceptual one
that begins with the impossibility of deciding on a proposition uttered
sometime in the 6th century BC, when the Cretan Epimenides of Knos-
sos said: ”All Cretans are liars”. More than two and a half millennia
followed until David Hilbert [20, 21] rigorously reformulated the prob-
lem, and Kurt Gödel [18] demonstrated, in 1931, that it has no solu-
tion, formulating the most important negative result in the history of
logic and mathematics. This result triggered the appearance in 1935
of 4 works that mathematically substantiated the theory of computation
[9, 24, 36, 47]. It is important to mention here Alan Turing’s key pa-
per on intelligence is “Computing Machinery and Intelligence” (1950),
published in the journal Mind [48]. This is the paper in which he intro-
duces what later became known as the Turing Test, proposing the Imita-
tion Game as a practical way to discuss whether machines can ”think”.
AI was therefore a concern from the beginning in the founders’ atten-
tion.

A second history, let’s call it mythical history, has its origins also in
antiquity and also in the noetic space, that of the imaginary. We will list
only a few moments of this history: Pygmalion, Golem, Robot. They
are widely interpreted as mythic or symbolic “proto-AI milestones” be-

2The term externalization was coined by André Leroi-Gourhan. It refers to func-
tions that, being performed by the human being with limited performance, are exter-
nalized in the technosphere [27, 28].
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cause they mark humanity’s recurring fascination with creating artifi-
cial beings. They are not technical steps in AI development, but they
form a cultural and conceptual, i.e. noetic, lineage that predates modern
computing and helps explain why AI feels both inspiring and unset-
tling. These stories prefigure the hopes and anxieties that later shaped
real AI research, which formally begins only in the 1950’s with Alan
Turing, John McCarthy, and the Dartmouth workshop. Let us remem-
ber that John McCarthy is one of the ”founding fathers” of AI – together
with Alan Turing, Marvin Minsky, Allen Newell, and Herbert A. Simon.
McCarthy, Minsky, Nathaniel Rochester and Claude E. Shannon – who
coined the term ”artificial intelligence” in a proposal wrote for the fa-
mous Dartmouth conference in Summer 1956. This conference started
AI as a research field. Let’s just remember that in the late 1950s, Mc-
Carthy discovered that primitive recursive functions could be extended
to compute with symbolic expressions, resulting in the Lisp program-
ming language [30]. We mention this event here as part of a mythical
endeavor because that’s how it seemed at the time it was formulated.
And that’s how it turned out, because it took a few ups and downs until,
after passing through AI winters, we reached what is today the explo-
sion of AI technology.

The third history is about early artifacts. Antikythera mechanism
is the earliest physical example of a complex gear-driven machine ever
discovered. The well-matched interaction of gears allows for the per-
formance of simple arithmetic operations used to model real physical
processes; for example, the motion of planets. A series of achieve-
ments, spread over the history of the next two millennia, mark the
slow but steady evolution of technologies. Almost certainly many of
the achievements that mark this upward trajectory are forgotten, but
a few notable moments are known to us: Gerbert d’Aurillac (999),
Wilhelm Schickard (1623), Blaise Pascal (1642), Gottfried Wilhelm
Leibniz (1763), Charles Babbage (1822) (see Appendix A). Claude
Shannon’s master’s thesis allows the replacement of gears with logical
devices based on Boolean algebra [53], and thus we enter the era of
binary-based implementations. It is the moment when the evolution of
computing technology begins to manifest its exponential character. And
with the advent of semiconductor technologies, Moore’s law begins to
act mercilessly.
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Figure 3: The evolution of the number of components per chip starting
with the appearance of the first silicon memories and the first processors

When the performance of electronic technologies doubles within a
12-18 month period, during the active professional life of an engineer,
increases in the tens of millions are obtained. In 50 years, from 1970 to
2020, we can see in Figure 3 how the maximum number of components
on silicon has increased 50 million times! To avoid only numbers, we
can use the expressiveness of images (see Figure 4).

Figure 4: How hard it was to move a 5MB IBM drive in 1956, while
today’s iPhones store hundreds of GB.
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Why do some artificial systems grow exponentially? In semicon-
ductor technology, software, networks, or artificial intelligence, growth
is not constrained by biological limits. Artificial systems, compared to
living systems, can be scaled by:

• external addition of resources (servers, energy, memory)
Artificial systems can grow simply by allocating more hardware
or computational capacity. Unlike organisms, which must inter-
nally generate energy and build new cells, engineered systems can
instantly expand their capabilities by plugging in new servers, in-
creasing cloud capacity, or supplying more electrical power. This
allows scaling to happen at industrial speeds rather than biolog-
ical ones, enabling rapid jumps in processing power, storage, or
throughput.

• automation (growth does not depend on metabolism)
Biological growth requires slow, resource-intensive metabolic
processes. Artificial systems, by contrast, can automate nearly
every step of their own expansion: deploying new software in-
stances, replicating models, or managing infrastructure without
human intervention. Because these processes are algorithmic
rather than metabolic, they can operate continuously, at machine
speed, and without the bottlenecks that limit living organisms.

• network effects (each new node increases the value of the sys-
tem)
Many artificial systems – social networks, communication plat-
forms, distributed computing clusters – become more powerful as
they grow. Every additional user, device, or node increases the to-
tal number of possible connections and interactions. This creates
positive feedback loops: growth increases value, increased value
attracts more growth, and the cycle accelerates. This dynamic is
a major driver of exponential expansion in digital ecosystems.

• reproduction without biological cost (instant copying)
Software and digital models can be duplicated perfectly and in-
stantly, with no equivalent to the biological costs of gestation,
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development, or mutation. A program can be copied millions of
times in seconds, and each copy is fully functional from the mo-
ment it exists. This ability to replicate without time delays or
resource-intensive processes allows artificial systems to scale at
rates that biology cannot match.

Exponential quantitative developments are spectacularly transform-
ing into qualitative developments, so that a high-tech field like artificial
intelligence has entered an area where its creators can design its ar-
chitecture and training, but can no longer fully understand its internal
workings.

The mechanisms of technological development reach the level at
which autonomous evolutionary processes begin to manifest them-
selves, whereby evolution tends to come under its own control. We thus
externalize, at least partially, the strictly human attribute of control of
the development of a highly complex high-tech field such as AI. Much
greater complexities in the technological field can thus be achieved with
minimized human effort accompanied by reduced control of the result.

1.2 Exponential complexity growth
We find that both exponentials that dominate quantitative developments
in the human world come with qualitative problems. To face them, spe-
cific problems that were not previously encountered must be solved.
The population must be educated and the autonomy of technologies
tempered. Moreover, because both population and technology evolve
exponentially, and their interaction produces multiplicative effects be-
cause when two exponential processes feed each other (more people�
more technology � more connected people � more technology), the
result is a super-exponential increase in complexity.

The main effect of exponential quantitative growth is the increase in
complexity in the human world in which man must integrate responsibly
towards himself, towards his world, but also towards nature. Isn’t that
too much?
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1.2.1 Population exponential complexity

The functioning of our world is disrupted by the immense complexity
that characterizes it, which can no longer be mastered at any of the
levels at which it manifests itself:

• State-level: characterized by incompetence & corruption

As states grow in scale and responsibility, they become labyrinths
of competing interests, opaque procedures, and inherited struc-
tures. The modern state aspires to omniscience-regulating
economies, safeguarding rights, managing crises-yet it remains
bound by the limits of human judgment and institutional inertia.
In such a vast machinery, incompetence is not merely a personal
failing but a structural inevitability, and corruption becomes the
shadow cast by power when transparency dissolves. The state,
once imagined as the rational guardian of the common good, now
often appears overwhelmed by the very complexity it helped cre-
ate.

• Corporate-level: driven by greediness

Corporations have become the great engines of modern civiliza-
tion, yet their logic is fundamentally instrumental: to grow, to ac-
cumulate, to outcompete. In a world where value is measured in
quarterly increments, the pursuit of profit becomes detached from
any broader conception of human flourishing. Greed here is not
a vice of individuals but the governing principle of an economic
order that rewards extraction over stewardship. Corporations, in
their relentless expansion, mirror the boundless appetite of the
systems they inhabit, systems that know how to produce wealth
but not how to define its purpose.

• NGO-level: dominated by destructive competition

Even institutions founded on ideals are not immune to the pres-
sures of scarcity and visibility. NGOs, meant to embody moral
intention, often find themselves locked in subtle battles for fund-
ing, legitimacy, and narrative control. Their missions converge,
their resources diverge, and cooperation becomes a luxury they
cannot afford. In this paradox, organizations dedicated to healing
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the world can inadvertently reproduce its fractures, as competi-
tion erodes solidarity and the pursuit of impact becomes entan-
gled with the pursuit of survival.

• Community-level: limited to tribalism

Faced with global uncertainty and overwhelming information,
communities retreat into smaller circles of identity and belonging.
Tribalism emerges not only as a social instinct but as a defense
mechanism against the disorienting vastness of modern life. The
local becomes a refuge, the familiar a shield. Yet this narrowing
of perspective fragments the social fabric, replacing shared hori-
zons with competing narratives. What once bound communities
together – common purpose, mutual recognition – gives way to
suspicion and the comfort of echo chambers.

• Human-level: lack of education as the ability to decide between
good and evil

At the deepest level lies the individual, confronted with a world
too complex to grasp and too fast to interpret. Education, in its
truest sense, is the cultivation of discernment: the capacity to dis-
tinguish truth from illusion, justice from convenience, good from
harm. But when education becomes mere training, or informa-
tion becomes noise, this moral compass falters. The human be-
ing, overwhelmed by choices and deprived of guidance, becomes
vulnerable to manipulation, confusion, and moral drift. In such a
condition, the ancient task of choosing the good becomes a strug-
gle against the entropy of the modern mind.

At all these levels, the living, represented mainly by the hu-
man mind, must cope with the complexity that is growing super-
exponentially. With what capacity for adaptation and evolution? In
no case with one that is also growing exponentially.

1.2.2 AI technology exponential complexity

Empirical evidence: AI capacity doubles every ∼ 7 months. AI technol-
ogy grows exponentially because several reinforcing forces accelerate
one another, creating a self-amplifying cycle of improvement. At its
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core, AI advances quickly because better hardware, better algorithms,
more data, and more investment all compound together, each enabling
the next leap forward.

The main factors behind this exponential grow are:

• Explosive improvements in computing hardware
Modern AI runs on highly specialized chips that improve far
faster than traditional CPUs. For example, Nvidia’s H100 GPU
delivers roughly six times the compute performance of the previ-
ous A100 generation, and generates text 2× faster in practical use.
These leaps allow researchers to train models in weeks instead of
months, enabling rapid iteration and scaling.

• Breakthrough algorithms that scale with compute
The 2017 introduction of the Transformer architecture allowed
AI models to process information in parallel rather than step-by-
step. This removed a major bottleneck and made it possible to
train enormous models simply by adding more hardware. This
architectural shift underlies nearly all modern AI systems.

• Predictable scaling laws
Researchers discovered that AI performance improves in a math-
ematically predictable way when you increase model size and
training data together. This turned AI progress into an engineer-
ing discipline: if you double compute, data, and parameters, you
can reliably predict how much better the model will become.

• Massive growth in available data
The global datasphere is exploding – expected to reach 175
zettabytes by 2025 – providing AI systems with unprecedented
training material. More data means richer patterns to learn from,
which directly boosts model capability.

• Unprecedented investment and industrial focus
Governments and corporations are pouring billions into AI re-
search, infrastructure, and national strategies. Over 60 countries
now have formal AI strategies, accelerating development and de-
ployment.
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• Positive feedback loops
As AI becomes more capable, it becomes more useful. As it be-
comes more useful, more people adopt it. As adoption grows,
more data, money, and talent flow into the field—accelerating the
next wave of breakthroughs. This compounding dynamic is the
essence of exponential growth.

Each factor amplifies the others, creating a technological ecosystem
that accelerates itself.

Moreover, AI technology is developing as a product whose com-
plexity is increased by the form in which it materializes: a suite of
weight matrices whose direct interpretation is impossible. If a conven-
tional software product, even that of AI products in the early stages of
development of this technology, is presented as a program written in a
programming language that could be read and understood by a human
programmer, the matrices associated with current AI applications have
no meaning to those who inspect them. We cannot answer the question
”how does an AI program work?” because the scalar matrices that de-
fine an application are established through an iterative approximation
process used to ”train” artificial neural networks.

In other words, the complexity of this tool is also accentuated by
the obscurity produced by our inability to verify the result of the ”pro-
gramming” except by evaluating the running results which are marked
by approximations that cannot be reduced to zero.

2 The logarithmic behavior of living
How can we explain the logarithmic growth (see the green form in Fig-
ure 1) observed in the living world? In short, logarithmic growth stems
from biological constraints that limit growth in organisms, while arti-
ficial systems can be scaled almost indefinitely by external addition of
resources, leading to exponential growth. More precisely, in biology,
growth is limited by physical laws, finite resources, and internal regu-
latory mechanisms. Even though some biological processes may start
exponentially (e.g., bacterial multiplication), almost all quickly reach a
saturation zone, where the rate slows down. This slowdown produces

15



logistic3 or logarithmic curves. Key factors that determine this type of
growth are:

• Limited resources: nutrients, space, metabolic energy
Every living system is born into a world of finitude. Nutrients
are not infinite, space is not boundless, and energy must be con-
stantly renewed through fragile metabolic pathways. As a pop-
ulation grows, each individual competes for the same shrinking
pool of necessities. What begins as abundance gradually becomes
scarcity, and scarcity imposes its own mathematics. The exponen-
tial curve bends not because life lacks ambition, but because the
world imposes limits that no organism can transcend.

• Homeostasis: organisms cannot grow indefinitely; there are
strict internal balances
Life is not merely expansion, it is equilibrium. Every organism
carries within it a delicate architecture of feedback loops, hor-
monal signals, and regulatory mechanisms designed to preserve
internal stability. Growth is permitted only insofar as it does not
threaten this balance. Beyond a certain point, further expansion
becomes destabilizing, and the organism must slow down or stop.
Homeostasis is the quiet philosopher of biology, reminding every
living being that harmony, not magnitude, is the true condition of
survival.

• Energy cost: each additional unit of growth costs more (law
of diminishing returns)
In the early stages of growth, energy is used efficiently: the sim-
plest tasks yield the greatest returns. But as complexity increases,
so does the cost of maintaining it. Larger bodies require more en-
ergy to sustain; more cells mean more repair, more coordination,
more vulnerability. The law of diminishing returns is not merely
an economic principle—it is a biological truth. Nature whispers
that growth is easy at the beginning, but each step upward de-
mands a heavier toll.

3We postpone the investigation of logistics processes for a later specialized text.
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• Natural selection: evolution favors stability, not unlimited ex-
pansion
Evolution does not reward the organism that grows the fastest, but
the one that endures. Unlimited expansion is inherently unstable:
it exhausts resources, destabilizes ecosystems, and invites col-
lapse. Over millions of years, natural selection has sculpted life
toward strategies that balance growth with restraint. The species
that survive are those that learn to live within limits, not those that
attempt to transcend them. In this sense, evolution is a teacher of
moderation, not excess.

The result: rapid growth at first, then progressive slowdown—a pattern
that, when translated into mathematics, becomes the familiar shape of
logarithmic or logistic growth. It is the curve of life itself: a brief surge
of possibility, followed by the wisdom of limits. As long as the evo-
lution in the technosphere and the noosphere was well approximated
linearly, the interaction between the two spheres was moderate. But,
once the exponentials started to show their specificity, the mutual ac-
tions become very complex. From the technosphere we will take into
consideration a high-tech, that is, AI, and from the living sphere the
human mind to see how they evolve and co-evolve.

3 AI vs. human evolution
The differences between the exponential way AI evolves and the loga-
rithmic way humans evolve are mainly due to the following facts:

• The living is optimized for survival, not for unlimited growth
Life, in its deepest essence, is conservative. Every organism is
shaped by millions of years of evolution whose primary man-
date is not expansion but persistence. Survival requires balance,
restraint, and adaptation to finite environments. Growth is per-
mitted only insofar as it does not endanger the organism or the
ecosystem that sustains it. Thus, biological evolution follows a
rhythm of cautious refinement rather than explosive acceleration.
It is a dance with constraints, not an escape from them.
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• The artificial is optimized for performance and scaling, not
for equilibrium
Technology, by contrast, is born from intention rather than natural
necessity. It is designed to amplify, accelerate, and extend human
capabilities. Its logic is not survival but optimization: more speed,
more power, more efficiency. Unlike living beings, artificial sys-
tems have no internal need for balance; they do not tire, age, or
self-regulate unless we program them to do so. Their growth is
limited only by external resources and human ambition. As a
result, they follow trajectories that resemble pure mathematical
expansion, unconstrained by the biological wisdom of limits.

• Biology is about closed systems, technology is about open sys-
tems
Life evolves within the boundaries of the biosphere: a finite planet
with finite energy, finite materials, and finite ecological niches.
Every gain for one species is a cost for another; every expansion
must eventually reconcile with the carrying capacity of the envi-
ronment. Technology, however, operates in an open conceptual
space. It can draw on globalized resources, distributed computa-
tion, and the collective intelligence of billions of humans. It can
be copied, scaled, and recombined without the metabolic costs
that bind living organisms. In this openness, artificial systems
escape the gravitational pull of natural limits and accelerate into
exponential trajectories.

In essence: human evolution is shaped by the logic of life-slow, adap-
tive, self-preserving, while AI evolution is shaped by the logic of
design-fast, expansive, self-amplifying.

One curve bends toward equilibrium (logarithmical); the other races
toward acceleration (exponential).

In the evolution of artificial intelligence, exponential growth occurs
because artificial systems are not constrained by biological limits such
as genetic variation, metabolic energy, or homeostasis. Biology evolves
slowly due to physical and genetic limits, while AI can be externally
scaled, continuously optimized, and redesigned without these barriers.
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3.1 Living evolution
Recent research shows that biological evolution is limited by genetic
variability, mutations, genetic drift, and physical constraints. The max-
imum rate at which biological traits can evolve is strictly related to the
variation available in the population and to the laws of physics that gov-
ern organisms [15, 16].

Biological evolution unfolds within a closed circle of possibilities.
Every species inherits a finite reservoir of genetic diversity, and natural
selection can only act on what already exists or what random mutation
provides [14, 29]. Evolution is therefore not an engine of boundless
creativity but a sculptor working with a limited block of marble. The
pace of change is constrained by the slow arrival of new mutations, the
statistical fluctuations of genetic drift, and the fact that most variations
are neutral or harmful rather than beneficial.

Studies show that the rate of change of a biological character is lim-
ited by the variability of fitness and the trait in question. In other words,
evolution cannot push a trait faster than the population’s own internal
diversity allows. If variation is small, progress is slow; if variation is
exhausted, progress stops. This is why evolutionary biologists speak of
“response to selection” as a function of heritability and variance: nature
cannot select what is not there. The evolutionary trajectory is therefore
bounded by the statistical structure of life itself [31, 54, 39].

Organisms are constrained by biomechanical and physical laws that
set upper limits on size, metabolism, and performance, leading to evo-
lutionary asymptotes. No creature can escape gravity, thermodynamics,
or the geometry of its own body. The largest animals are limited by the
strength of bones; the fastest metabolisms are limited by oxygen dif-
fusion; the most complex brains are limited by energy consumption.
These constraints act like invisible ceilings: as organisms approach
them, the cost of further improvement rises sharply, and evolution slows
to a crawl. The curve of biological progress bends toward an asymptote
because the universe itself imposes boundaries [52, 51].

These limits make biological evolution slow, incremental, and sat-
urated, mathematically approximating a logarithmic curve. Life be-
gins with bursts of possibility—rapid diversification, explosive radia-
tion—but soon encounters the walls of its environment and its own
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physiology. Growth slows, variation narrows, and the system settles
into equilibrium. The mathematics of evolution mirrors the philosophy
of life: initial expansion followed by the wisdom of limits.

Conclusion: biology is a closed system, constrained by physical
laws and internal resources. Its creativity is real but bounded; its
progress is profound but gradual. Evolution is not an exponential ascent
but a long, patient negotiation with the constraints of matter, energy, and
time.

3.2 AI evolution and the limits of societal adaptation
AI is developing at a pace that exceeds the adaptive capacity of hu-
man institutions. Unlike biological evolution – which proceeds through
slow, incremental, and fundamentally logarithmic processes – AI sys-
tems evolve through stacked innovation, a compounding dynamic in
which each generation of AI accelerates the development of the next
[25]. This creates a feedback loop of super-exponential growth, en-
abling AI to surpass traditional technological progress models and out-
pace the mechanisms societies rely on to regulate, absorb, and respond
to new technologies.

This section examines the structural mismatch between AI’s accel-
eration and society’s adaptive bandwidth, drawing on empirical scaling
laws, institutional theory, and sectorspecific case studies.

3.2.1 Stacked AI Innovation and Super-Exponential Growth

Biological evolution proceeds through slow, path-dependent processes
constrained by reproduction cycles, mutation rates, and environmental
pressures. AI evolution, by contrast, is driven by intentional, cumu-
lative, and accelerating innovation loops [45]. The four mechanisms
below explain why AI capabilities grow orders of magnitude faster than
biological systems.

1. Compute scaling
Compute scaling refers to the rapid increase in the amount of
computational power available for training AI models. Unlike
biological systems, which are limited by metabolic constraints
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and physical reproduction, AI systems can leverage: Moore’s
Law-style hardware improvements (GPUs, TPUs, custom accel-
erators), massive parallelization across thousands of chips, cloud
supercomputers with exascale performance, specialized architec-
tures (e.g., tensor cores, optical computing, neuromorphic chips).
Thus AI evolution is accelerated because: more compute allows
training larger models with more parameters, larger models tend
to exhibit emergent capabilities not present in smaller ones, com-
pute can be scaled deliberately and continuously, unlike biolog-
ical evolution, scaling laws show predictable performance gains
as compute increases.

All these are in contrast with biology because biological organ-
isms cannot arbitrarily increase their “compute” (neuronal count,
synaptic density) without hitting physical limits such as skull size,
energy consumption, or developmental constraints.

2. Algorithmic efficiency improvements
Efficiency gains by improving algorithms often produce 2−10×
improvements without increasing compute. In contrast with bi-
ology whose evolution cannot be done by “rewrite its own al-
gorithms” in a directed way. Mutation-driven improvements are
random, slow, and constrained by survival pressures.

3. Model architecture innovations
The most famous example is the Transformer architecture [50],
which replaced recurrent networks and enabled the modern AI
revolution. Architectural changes can produce qualitative leaps in
capability, they allow AI to handle new modalities (vision, audio,
robotics, reasoning), enable scaling to trillions of parameters, and
create new pathways for emergent behavior. In contrast with bio-
logical architectures (e.g., cortical layers, sensory systems) which
evolve over millions of years and cannot be redesigned wholesale.
AI architectures can be redesigned in months.

4. Self-improvement loops (e.g., AI-assisted coding, AI-driven
research acceleration)
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When artificial intelligence systems directly contribute to their
own development, a spectacular additional increase in perfor-
mance occurs. The main such as mechanisms are: AI-assisted
coding, AI-driven research acceleration, AI-enabled automation
of experimentation. In contrast, biological evolution cannot in-
tentionally accelerate itself. It lacks meta-cognition, foresight,
and the ability to redesign its own mechanisms.

We can conclude: AI evolution is directed, cumulative, and acceler-
ating, whereas biological evolution is slow, random, and constrained.

Empirical studies show that compute used in frontier AI training has
increased by 4× per year since 2010 [2], while algorithmic efficiency
has improved by 2.5× per year [40]. Combined, these trends produce
nearly 10× annual growth in frontier AI capability, an unprecedented
rate in the history of technological development.

This phenomenon, often described as stacked AI innovation, means
that AI is not merely improving but accelerating its own improvement.
As AI systems become more capable of autonomous problem-solving,
code generation, and scientific discovery, they amplify their own devel-
opment trajectory [46]. This creates a super-exponential curve funda-
mentally different from the slow, bounded dynamics of biological evo-
lution.

3.2.2 The Institutional Lag: Why Society Cannot Keep Pace

Structural inertia in governance systems Institutions-laws, regula-
tory bodies, educational systems, and labor markets operate on decadal
timescales. They require consensus formation, political negotiation, bu-
reaucratic implementation, and cultural acceptance [1]. Historically,
institutions have adapted to technological change, but always with sig-
nificant delay [5].

AI’s acceleration compresses the time available for adaptation.
While AI capabilities may double every 6-12 months, institutional re-
forms often require 10-30 years to mature. This creates a widening
governance gap in which AI systems evolve faster than the mechanisms
designed to regulate them.
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Cognitive and cultural lag Beyond formal institutions, societies face
cognitive and cultural constraints. Public understanding of AI risks, la-
bor market impacts, and ethical implications lags behind technological
reality. This mismatch reduces democratic oversight and increases the
likelihood of unanticipated systemic disruptions.

3.2.3 Sectorial Transformation: AI Outpaces Social Interpreta-
tion

AI’s rapid deployment across industries further amplifies the adaptation
gap. Sectors such as finance, healthcare, logistics, and education can
be reconfigured within 2-5 years due to the modular, software-driven
nature of AI systems [32]. By contrast, workforce retraining, regulatory
redesign, and cultural integration typically require 10-30 years.

Examples of rapid transformation:

• Finance:

AI systems are reshaping financial markets at a pace that far ex-
ceeds the ability of regulatory bodies to adapt. High-frequency
trading algorithms now operate on millisecond timescales, exe-
cuting strategies that no human trader can monitor or interpret
in real time. Machine learning-based fraud detection systems
continuously update their models using live transaction data, en-
abling them to identify anomalous patterns long before traditional
auditing processes would detect them. Similarly, AI-driven risk
modeling tools can ingest vast quantities of market, credit, and
behavioral data, producing dynamic risk assessments that evolve
daily rather than quarterly.

Regulatory frameworks, by contrast, rely on slow legislative cy-
cles, public consultations, and multi-year implementation time-
lines. As a result, oversight mechanisms often lag behind the
technologies they aim to regulate. This creates systemic vul-
nerabilities: flash crashes triggered by algorithmic interactions,
opaque model-driven credit decisions, and the emergence of
“black-box finance” in which neither regulators nor institutions
fully understand the behavior of deployed AI systems.

• Healthcare:
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In healthcare, AI-based diagnostic models and clinical decision-
support systems are advancing at a rate that challenges existing
medical governance structures. Deep-learning models can now
outperform human clinicians in tasks such as radiology inter-
pretation, dermatological screening, and pathology classification.
These systems improve rapidly as they are exposed to more data,
often achieving performance gains within months.

However, medical accreditation, liability frameworks, and clini-
cal trial protocols evolve slowly. Certifying a new medical device
or diagnostic tool can take 5–10 years, and malpractice laws are
not yet designed to handle scenarios in which responsibility is
shared between clinicians and autonomous systems. Ethical re-
view boards, insurance providers, and hospital procurement sys-
tems also operate on multi-year cycles, creating a structural mis-
match between technological capability and institutional readi-
ness.

This gap raises critical questions: Who is liable when an AI sys-
tem misdiagnoses a patient? How should clinicians be trained
to supervise or override AI recommendations? What constitutes
informed consent when AI is involved in treatment decisions?
These issues remain unresolved even as AI tools enter clinical
practice.

• Education:

AI is transforming education through personalized tutoring sys-
tems, automated assessment tools, and adaptive learning plat-
forms. Large language models can now generate explanations,
quizzes, feedback, and curriculum materials tailored to individual
students. These systems can be deployed globally within months,
rapidly altering how students learn and how teachers structure
their work.

Yet educational institutions – schools, universities, accreditation
bodies – are among the slowest to change. Curriculum reform
often requires multi-year review cycles, political negotiation, and
teacher retraining. Credentialing systems, standardized testing
frameworks, and pedagogical norms are deeply embedded and
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resistant to rapid modification.

As a result, AI tools are entering classrooms before societies have
agreed on fundamental questions: What skills should students
learn in an AI-rich world? How should academic integrity be
defined when AI can generate essays and solve problems? What
role should teachers play when AI tutors can provide individual-
ized instruction at scale? The technology is moving faster than
the pedagogical and ethical frameworks needed to govern it.

• Logistics:

In logistics, AI-driven optimization systems, autonomous rout-
ing algorithms, and robotics are transforming supply chains with
unprecedented speed. Predictive models can forecast demand,
optimize warehouse layouts, and dynamically reroute shipments
in response to real-time conditions. Autonomous vehicles and
drones are beginning to handle last-mile delivery, while robotic
picking systems are increasingly common in warehouses.

These changes can be implemented within 2–5 years because lo-
gistics is heavily software-mediated and highly sensitive to ef-
ficiency gains. However, labor markets and regulatory systems
cannot adapt nearly as quickly. Workers require retraining to op-
erate alongside autonomous systems, and many roles – such as
truck driving, warehouse picking, and dispatch coordination –
face displacement risks long before new employment pathways
are established.

Regulatory bodies also struggle to keep pace. Autonomous de-
livery vehicles require new safety standards, liability rules, and
infrastructure adaptations. Cross-border logistics introduces ad-
ditional complexity, as international regulations evolve even more
slowly than national ones.

The result is a sector in which technological capability races
ahead of workforce readiness, legal clarity, and social consensus.

In each case, AI systems reshape economic and social structures before
society fully understands their implications.
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3.2.4 Conclusion

AI’s super-exponential growth, driven by stacked innovation and self-
reinforcing improvement loops, creates a structural mismatch between
technological acceleration and societal adaptation. Institutions, cultural
norms, and labor systems evolve too slowly to keep pace with AI’s rapid
transformation of economic and social landscapes. This widening gap
underscores the need for proactive governance frameworks, anticipatory
regulation, and new models of institutional agility.

3.3 Co-evolution
What are the main effects of the interaction between living humanity
and formal-structural AI in the context in which the development of
both exponentially increases the complexity of the world? We are in the
middle of the process, which is why assessments are risky, especially
since the effects in the economic space are evolving very strongly influ-
enced even by the current incipient forms of AI. Several aspects listed
below are eloquent.

The labor market is changing faster than people can retrain.
Indeed, an arXiv study shows that 40–70% of tasks in sectors
such as healthcare, education, retail, and manufacturing can
be automated. While AI operates 24/7 at extremely low cost,
humans have biological and social limits.

Result: massive pressure on jobs, with the need for transition poli-
cies (retraining, reduced workweek).

Economies may become dependent on AI infrastructures that they
cannot control. The World Bank report highlights that many
countries do not have the necessary infrastructure (computing,
connectivity, data, skills) to adopt AI at the pace at which it
evolves.

The consequent risk: growing global inequalities and the inability
of some societies to keep up.

Economic uncertainty increases according to the World Economic
Forum that shows 54% of business leaders expect jobs to be re-
placed, but only 24% expect new ones to be created.
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This asymmetry creates social and political tensions.

3.3.1 Can society keep up?

The central question is whether societies, whose institutions and cul-
tural norms evolve at a slow, logarithmic pace, can adapt to the rapid,
exponential transformations induced by advanced AI systems. The an-
swer is potentially yes, but only if deliberate, large-scale strategies are
implemented to accelerate institutional, economic, and cultural adapta-
tion. Below, each proposed strategy is expanded into a research-level
analysis.

Massive investments in digital skills and retraining. AI reshapes la-
bor markets far faster than traditional education systems can re-
spond. To prevent structural unemployment and skill mismatches,
societies must invest in continuous, lifelong learning programs
that equip workers with digital literacy, data fluency, and AI-
augmented competencies.

This requires:

• national retraining initiatives modeled on large-scale indus-
trial transitions (e.g., post-WWII workforce programs)

• public–private partnerships to align training with real labor
market needs

• modular, rapid-cycle education systems that can update cur-
ricula annually rather than every decade

• incentives for employers to adopt “learning-first” workforce
models.

Without such investments, the gap between AI-driven job trans-
formation and human skill acquisition will widen, producing
long-term inequality and economic instability.

Transitional policies (e.g., 4-day workweek). As AI automates cog-
nitive and routine tasks, societies must develop transitional labor
policies that cushion the pace of change. A shorter workweek is
one such mechanism: it distributes productivity gains across the
population while reducing the shock of rapid automation.
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Transitional policies may also include:

• wage insurance for displaced workers

• phased retirement programs

• job-sharing schemes

• universal basic mobility (support for retraining, relocation,
and career transitions).

These policies act as “shock absorbers,” giving institutions and
individuals time to adapt to AI-driven restructuring without trig-
gering social unrest or mass displacement.

Accessible AI infrastructure (compute, cloud, data). If AI infras-
tructure remains concentrated in a handful of corporations or
geopolitical blocs, the benefits of AI will be unevenly distributed
and societal adaptation will be hindered. Broad access to com-
pute, cloud platforms, and high-quality datasets enables:

• small and medium enterprises to adopt AI rather than be
displaced by it

• universities and public institutions to conduct independent
research

• governments to build regulatory capacity based on real tech-
nical understanding

• communities and civil society to develop AI tools aligned
with local needs.

Democratizing AI infrastructure reduces the risk of “AI feudal-
ism,” in which only a few actors possess the computational power
to shape economic and cultural outcomes.

Agile and adaptable regulations. Traditional regulatory models –
slow, reactive, and rigid – are incompatible with technologies that
evolve on 6-to 12-month cycles. To keep pace with exponential
AI development, societies must adopt regulatory frameworks that
are:

• adaptive (updated continuously as capabilities evolve)
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• risk-tiered (stricter oversight for high-risk applications)

• evidence-based (grounded in empirical evaluations of real-
world performance)

• technically informed (supported by public-sector AI exper-
tise).

Examples include regulatory sandboxes, dynamic licensing, and
real-time auditing systems. Such frameworks allow innovation
while maintaining safety, transparency, and accountability.

Equitable distribution of the benefits of AI. Exponential technolo-
gies tend to produce exponential inequalities unless counterbal-
anced by deliberate policy. Ensuring that AI’s benefits are widely
shared is essential for social stability and democratic legitimacy.

Equitable distribution may involve:

• progressive taxation of AI-driven productivity gains

• public investment in AI-enhanced health care, education,
and infrastructure

• community owned data trusts

• mechanisms to ensure that AI augments rather than replaces
human labor.

If the gains from AI accrue only to a narrow elite, societal resis-
tance will intensify, slowing adoption and undermining the very
innovation that drives progress.

These directions are already recommended in all positions on the
effects of the emergence of AI applications.

3.3.2 Can humans keep up?

The human being seems to be the only part of the living in the human
world whose evolution we can influence in such a way that it can com-
pete in co-evolution with an exponential process. The flexibility of the
human mind offers us this chance. It remains to be seen to what extent
we will be able to make use of it.
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Humans can keep up with AI evolution, but only through a process
of co-evolution in which humans and AI influence each other. With-
out this continuous feedback, the pace of AI would outpace our natural
capacity to adjust. What does recent research tell us about this?

Human-AI systems constitute coupled adaptive dynamical sys-
tems in which human behavior and AI models recursively influence
each other through continuous data-driven feedback loops (often de-
scribed as human-AI co-evolution). This co-evolution is considered an
emerging phenomenon essential for understanding the future of society
[17, 35, 44].

Humans exhibit substantial cognitive plasticity in human-AI inter-
action, dynamically adapting decision strategies, mental models, and
metacognitive processes in response to AI behavior, often more rapidly
and systematically than naı̈ve intuition suggests. Indeed, research in
evolutionary psychology and neuroscience shows that the human mind
is not “fixed in the Stone Age,” but is deeply plastic and capable of
adapting to new technologies. This plasticity is a strong argument that
humans can keep up with AI, if exposed to the right learning environ-
ments [6, 42].

Most of researchers warn that without mechanisms for social and
educational adaptation, AI could outpace society’s ability to adjust be-
cause the pace of AI is much faster than the natural pace of human evo-
lution [55, 56]. AI does not evolve biologically, but through accelerated
technological development.

Can humans keep up? Yes, but with the following minimal condi-
tions:

Continuous cognitive adaptation by their neural plasticity which al-
lows humans to learn new ways to work with AI. Studies empha-
size that constant interaction with technology gradually shapes
the way we think.

Guided human-AI co-evolution through education, public policy, and
ethical system design. Without this framework, AI could influ-
ence society in unintended and, worse, counterproductive ways.

Integrating AI as augmentation, not competition makes us “better
as humans,” not replace us. This means systems that augment
human abilities, not replace them.
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The risks that may arise in this process are due to the fact that the
pace of AI is technological (exponential), not biological (logarithmic).
AI can advance in months what humans can adapt in years. This asym-
metry creates risks of:

educational gap between those who accept the use of the latest tech-
nologies and those who reject them

social polarization between those who have access to the use of the
latest technologies and those who do not

cognitive dependence on automated systems is considered by some to
limit the development of the ability to discern in complex contexts

loss of control over the social feedback generated by algorithms due
to their efficiency in the noosphere

modification of human perception of preferences, behaviors and
even cultural identity.

The risks listed can be, at least partially, avoided provided that hu-
man beings can keep up with AI by evolving with it through educa-
tion, cognitive adaptation, intelligent policies and ethical design. With-
out these mechanisms, the pace of AI irremediably exceeds the natural
adaptive capacity of humans and society.

3.3.3 What to do?

What are the human skills that should be developed as a priority to cope,
with our limited logarithmic evolutionary capacity, with the exponential
growth of AI? Humans can keep up with AI, but only if they develop a
clear set of human skills that become more valuable as AI expands. The
most important are critical thinking, discernment, resilience, emotional
intelligence, collaboration, and the ability to manage AI.

Critical Thinking and Discernment become of utmost importance
in a world where AI can rapidly generate information. In these con-
ditions, humans must be able to evaluate sources, identify bias, and
validate facts. AI can produce content that is plausible but sometimes
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incorrect – and humans remain responsible for fact-checking. This is
important because AI does not, at its current stage of development (sur-
prises must be taken into account), understand context or ethical impli-
cations and humans must decide what is correct, relevant and safe.

Emotional Intelligence and Social Skills is another factor because
education and the job market are shifting towards skills like empathy,
interpersonal communication, collaboration, and emotion management.
These are deeply human and difficult for AI to replicate. These be-
come important in the context of future jobs that will involve mixed
human-AI teams, and humans will need to excel in areas where human
relationships and understanding are crucial.

Creativity in complex problem solving are important under the con-
ditions in which AI can suggest solutions, but it cannot fully understand
the human context or the nuances of a situation. Humans remain es-
sential in innovation, design, strategy, and lateral thinking. This ability
matters when real problems are ambiguous, because AI cannot handle
ambiguity at the human level.

Resilience and adaptability in a rapidly changing environment be-
come skills of utmost importance. Industry leaders emphasize that re-
silience, curiosity, and teamwork are more important than ever. These
abilities matter because AI is changing roles, industries, and processes;
people need to be able to constantly recalibrate.

Basic technical skills in AI become very useful because, although
you won’t need to become a high-performance programmer, you need
to know how to use artificial intelligence, how to manage it, and how
to collaborate with it. These skills are among the most sought-after in
the coming period. This ability is particularly important because people
who know how to work with AI become productivity multipliers.

Indeed, humans can co-exist with AI, but only if they develop their
deeply human skills and learn to collaborate intelligently with AI. We
will engage in a process of deeper understanding not only of what AI
is, but also of deepening what humans actually are.
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Don’t we have the arrogance to grant humans exaggerated capabili-
ties beyond realistic assessments of what humans really are? Before we
have a sufficiently advanced knowledge of what consciousness, inten-
tionality, imagination, intuition, empathy, humor, and the like are, we
arrogantly assert that AI lacks all of these.

Let’s take, for example, the issue of consciousness. Indeed, if some
of the most influential philosophers of mind argue that consciousness
does not exist (or is not what people think it is), then demanding that AI
be “conscious” becomes conceptually confused. Daniel Dennett, Patri-
cia Churchland, and Paul Churchland are often grouped under elimina-
tive materialism or illusionism. Their core claim is not that “nothing is
happening in the brain,” but that: what people call “consciousness”, the
inner movie, the subjective glow, the Cartesian theater, . . . is a mislead-
ing folk concept, not a scientifically valid entity.

Dennett argues that consciousness is a user illusion generated by
distributed cognitive processes [12] [13]. The Churchlands argue that
folkpsychological terms like “belief,” “qualia,” or “consciousness” will
eventually be replaced by neuroscientific vocabulary, just as “phlogis-
ton” was replaced by oxygen [10] [11].

Indeed, complex processes on which researchers do not have con-
vergent views could possibly be the product of the composition of sim-
pler processes for which we have less controversial representations. A
notable example in this regard is Daniel Dennett’s view on the phe-
nomenon of consciousness [12], which he considers to be an emergent
process of the contributions of simpler processes, such as perception,
attention, .... If Dennett turns out to be right, then the objection of some
that AI does not have consciousness would fall.

If consciousness is an illusion even in humans, then why ask AI
to possess consciousness? You cannot require a machine to have some-
thing that, according to this view, no one has in the first place. If Dennett
and Churchlands are right, and consciousness is not a scientifically ro-
bust concept, then demanding consciousness from AI is pointless. The
ethical and safety issues of AI do not depend on consciousness, and we
should focus on behavior, not qualia. In short, maybe we don’t need
conscious AI, nor should we ask for it.

In this context, I believe that the development and use of AI tech-
nology will also stimulate anthropological research that will be able
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to define more clearly what humans are. We could conclude that the
differences between the human mind and AI are predominantly quanti-
tative. In this case, the exponential of AI technology and the logarithm
of living adaptability in humanity will no longer oppose each other so
dramatically qualitatively, and people will more relaxedly accept com-
petition with a techno-object. We, as humans, do not feel complexed
by the speed at which a car moves or the size of the weights that cranes
handle. Under these conditions, we will be more relaxed and accept
AI as an accelerator of our capabilities to solve complex problems that,
with certainty, have reached limits that even the best-equipped minds
cannot cope with. AI should be seen, in this case, only as another ex-
ternalization, in the sense of André Leroi-Gourhan, through which a
mechanism present but limited in the behavior of the human mind is
found accelerated in a technical object.

Moreover, perhaps the image we have of the human being will be
more correctly positioned on a less elevated pedestal, closer to what he
actually is.

4 Concluding remarks
1. Human beings can keep up with AI, but only if they develop and

stimulate their deeply human abilities and learn to collaborate in-
telligently with AI. We should not compete with AI, but become
complementary to it. But for this it will be necessary, as a first
condition, the inversion from ∼ 35% in 4-O and ∼ 58% in 3-O to
∼ 35% in 3-O and ∼ 58% in 4-O according to Kegan’s classifica-
tion.

2. Because most AI users use this tool as a kind of more efficient
Google, it is too early to conclude consistently on what AI is in
relation with humanity.

3. Using AI to its true value increases the user’s efficiency in com-
pleting complex actions and projects. But, more than that, it fun-
damentally changes the level at which the activation of the human
mind can function. In many areas we can advance from laborious
structural approaches to spectacular architectural approaches.
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4. From the interaction with AI, man will gradually understand more
about what he himself is.

5. For now, we believe that AI has no consciousness, no intentions,
no values of its own, no lived experience, no moral responsibility.
But for all these human abilities, we do not have a unanimously
accepted representation that would allow us to invoke them when
evaluating what AI can and cannot do. If we manage to properly
temper our image of the human being, perhaps we will find AI
more suitable for a consistent interaction with man and his world.

6. Perhaps the most important question that arises regarding the im-
pact of AI on humanism is the Heideggerian one [19]: what mode
of revealing being does AI institute?
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A Appendix: History leading to AI
The following list of contributors to the mythical-conceptual-technological
line of computing & AI (originates partially from Google [37]).
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Early Origins :

• 7th-6th century BC: Epimenides of Knossos, seer and
philosopher-poet, is credited with the saying ”Cretans are always
liars”, a sentence that raised the issue of decision for the first time.

• 384–322 BC: Aristotle developed foundational work for logic,
and scientific methods.

• 150-100 BC: Antikythera mechanism is the oldest known example
of an analogue computer used to predict astronomical positions
and eclipses.

• 43BC-17/18AD: Ovid tells the story of Pygmalion, a Cypriot
sculptor who sculpted a woman from ivory and alabaster, whom
he later brought to life. Thhis story is part of the mythical history
of computer science and AI.

• 1st-2nd century AD: Hero of Alexandria who is credited, among
other things, for a machine that dispensed holy water in an Egyp-
tian temple in an amount proportional to the coin that was inserted
into the device.

• 999: Gerbert d’Aurillac (Pope Silvester II; c.946 – 12 May 1003),
a symbolic ancestor of European clockmaking was a scholar
whose scientific reputation caused later writers to credit him with
the first horologe.

• 1623: Wilhelm Schickard, a German professor of Hebrew and as-
tronomy, designed a calculating machine called the Calculating
Clock. It was designed to perform addition, subtraction, multipli-
cation, and division.

• 1642: Blaise Pascal designed and implemented the first the me-
chanical calculator.

• 1763: Bayes’ Theorem is published, marking the beginning of
statistical methods foundational to AI.

• 1773: Gottfried Wilhelm Leibniz designed and implemented the
calculator named stepped reckoner.

• 1818: Mary Shelley’s novel Frankenstein is an early example of
science fiction.

• 1822: Charles Babbage’s difference engine.
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• 1843: Ada Lovelace wrote the first computer program for Bab-
bage’s engine, proving that machines could manipulate symbols.

• 1847, 1854: George Boole published his books on symbolic logic
[3] [4].

• 1872: Samuel Butler’s novel Erewhon is one of the first to explore
ideas of AI.

• 1920: Karel Čapek’s play R.U.R. introduces the word “robot,”
expanding AI concepts into popular culture.

• 1943: Warren McCulloch and Walter Pitts create a computational
model for neural networks [31].

Golden Years of Technological Advances :

• 1900: David Hilbert presented, in his conference at the Paris
mathematics congress, a first approach to the decision problem
[20].

• 1928: David Hilbert & Wilhelm Ackermann published their Prin-
ciples of Mathematical Logic where they included a clear state-
ment of the Entscheidungsproblem (decision problem).

• 1931: Kurt Gödel publish its seminal paper on incompleteness
[18].

• 1936: Alonzo Church [9], Stephen Kleene [24], Emil Post [36],
Alan M. Turing [47] published their papers defining what means
computation starting from the negative result of Gödel.

• 1937: Claude Shannon wrote his master’s degree thesis, A Sym-
bolic Analysis of Relay and Switching Circuits

• 1950: Alan Turing publishes “Computing Machinery and Intelli-
gence” and proposes the Turing Test [48].

• 1951: Marvin Minsky & Dean Edmunds build SNARC, a network
of 3,000 vacuum tubes simulating 40 neurons.

• 1955: John McCarthy coins the term “Artificial Intelligence” [30]
and organises the Dartmouth Summer Research Project.

• 1959: Arthur L. Samuel demonstrates machines can learn from
past errors using the game of checkers.

• 1961: “Unimate,” the first industrial robot, is deployed on a Gen-
eral Motors assembly line.
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• 1966: ELIZA, an early NLP program, is developed at MIT by
Joseph Weizenbaum.

• 1972: Karen Spärck Jones devises Inverse Document Frequency
(IDF), underlying most modern search engines.

AI Winter #1 :

• 1973: Scepticism about AI’s capabilities leads to reduced funding.

• 1974: Ray Kurzweil’s company introduces Optical Character
Recognition (OCR) commercially.

Rejuvenation :

• 1975: CONS Machine, the first Lisp machine built in MIT Artifi-
cial Intelligence Laboratory in a project started in 1973 by Richard
Greenblatt and Thomas Knight.

• 1981: Symbolics, Inc. was a spinoff from the MIT AI Lab intro-
duced LM-2 a workstation based on MIT CADR architecture.

• 1983: DIALISP a Lisp machine designed at the Politehnica Uni-
versity of Bucharest and produced in small series at FEPER [43].

• 1980s: “Expert systems” are adopted by corporations around the
world.

• 1986: David Rumelhart and James McClelland develop ideas
around parallel processing and neural network models.

AI Winter #2 :

• 1987: The LISP machine market collapses because Sun Microsys-
tems and Apollo could run Lisp nearly as fast as dedicated Lisp
machines, but at a fraction of the cost.

Rebirth :

• 1995: A semi-autonomous vehicle navigates a 4,501 km journey.

• 1997: IBM’s Deep Blue becomes the first computer to beat reign-
ing world chess champion Garry Kasparov.

AI Enters the Home :
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• 1999: Sony launches AIBO, a four-legged autonomous robot for
consumers.

• 2002: iRobot releases Roomba, demonstrating practical house-
hold AI applications.

Breakthroughs and AI Becomes Mainstream :

• 2004: DARPA challenges stimulate advancements in autonomous
vehicle technology.

• 2011: Introduction of AI-powered voice assistants like Siri,
Google Now, and Cortana.

• 2012: Google’s X lab demonstrates 70% better results in detecting
and recognising cats from YouTube videos.

• 2016: Google’s AlphaGo defeats Go champion Lee Se-dol, a
landmark achievement in AI’s strategic capabilities.

• 2017: Transformer architecture introduced by Vaswani et al. [50].

• 2018: Generative AI, featuring GANs and variational autoen-
coders, excels in producing realistic images, text, and music from
vast datasets.

• 2019: OpenAI introduce GPT (Generative Pre-trained Trans-
former).

• 2021-2022: marks the transition from language models to models
capable of generating images, code, audio.

• 2023: Microsoft Copilot introduces a generative artificial intelli-
gence chatbot.
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