The lllusion of Generality: Why Artificial General
Intelligence May Be Fundamentally Impossible

In this paper, we define Artificial General Intelligence (AGI) as:

An artificial intelligence entity capable of genuine generalization across
domains — that is, the ability to transfer knowledge, reasoning, and skills
learned in one context to novel, unrelated domains without explicit retraining
or fine-tuning.

Examples of such generalization would include:

e a system trained on language understanding applying its reasoning to
mathematical proofs;

e an Al trained in visual recognition adapting autonomously to physical
manipulation tasks;

e or an agent capable of learning new conceptual frameworks beyond its
programmed ontologies.

Under this definition, AGl is distinct from Artificial Narrow Intelligence (ANI), which
performs extremely well within confined tasks (e.g., image recognition, translation, code
generation) but fails to extrapolate meaningfully beyond its domain of training.

1. Introduction

Artificial Intelligence (Al) has made remarkable progress in recent years. From the early
transformer models like GPT-2 to today’s GPT-5-class large language models (LLMs), the
field has witnessed exponential improvements in scale, fluency, and apparent reasoning ability.
These systems can now write essays, generate code, summarize complex documents, and
even hold extended, context-aware conversations with users. The rate of advancement has led
many to believe that Artificial General Intelligence (AGl)—a machine with the ability to
understand, learn, and apply knowledge across any domain—may soon emerge.

At the same time, Al has become a marketing buzzword, being inserted into technologies and
products where it serves little to no meaningful purpose. From so-called “Al mattresses”
that claim to optimize sleep to “Al bedframes” and toothbrushes, the term has become diluted,



often used to signal innovation rather than substance. This widespread commodification reflects
both the cultural fascination with intelligence and a misunderstanding of what intelligence
fundamentally entails.

For the purposes of this paper, we define AGI as an artificial intelligence entity capable of
genuine generalization across domains—the ability to transfer knowledge, reasoning, and
problem-solving strategies from one context to entirely new, unseen situations without explicit
retraining. Examples would include an Al that, after mastering natural language, can
autonomously derive principles of chemistry, or one that can apply visual understanding to
design new physical tools. Under this definition, AGI is categorically distinct from Artificial
Narrow Intelligence (ANI), which excels only within predefined, domain-specific boundaries.

Despite the optimism of popular discourse, this paper argues that AGIl, as commonly
conceived, is fundamentally impossible. The impossibility does not arise merely from
technological immaturity but from deeper constraints in computation, embodiment, and meaning
representation. While narrow Al continues to achieve superhuman performance in specific
fields, genuine generalization—the kind that underlies human cognition—depends on structures
and experiences that current computational paradigms cannot replicate.

The sections that follow examine this claim through multiple lenses. Section 2 explores why
modern Al models, though powerful, only simulate understanding within statistical bounds.
Section 3 discusses embodiment and the necessity of context in cognition. Section 4 addresses
theoretical limitations rooted in computation and logic, while Section 5 delves into
consciousness and intentionality as missing components of machine cognition. Finally, we
conclude by proposing that the realistic future of Al lies not in generality but in specialized
superintelligence—systems designed to excel within defined boundaries rather than transcend
them.

2. The Myth of Generalization

Large Language Models (LLMs) are currently the closest approximation to general
intelligence humanity has produced. They can generate text, write code, translate languages,
and even reason through abstract problems with remarkable coherence. Yet, despite their
apparent versatility, they do not understand anything. Their outputs are based purely on
statistical pattern prediction—estimating the most probable next word, token, or sequence
given prior context.

This predictive mechanism creates the illusion of reasoning. When an LLM answers a question
or explains a concept, it does not know the meaning of its words; it merely replicates patterns of
association learned from massive text corpora. Understanding, in the human sense, involves
grounded semantics—connecting words to lived experience, perception, and intentionality.
LLMs possess none of these qualities. They operate entirely in the space of syntax, not
semantics.



The notion that scaling such models—adding parameters, training data, or modalities—wiill
eventually yield true general intelligence is misleading. Scaling amplifies pattern recognition,
not comprehension. A larger model can interpolate across a broader range of examples,
giving the appearance of cross-domain reasoning, but it still lacks the causal grounding needed
to form genuine understanding or transfer knowledge meaningfully between unrelated domains.

Even humans, often idealized as general reasoners, are not truly general creatures. Human
cognition evolved to handle a limited range of environments and sensory experiences; our
ability to generalize is deeply rooted in biological embodiment, social learning, and
survival-based context. Humans extrapolate through analogy and abstraction grounded in
shared physical and emotional reality—something no disembodied statistical model can
replicate.

Thus, while LLMs demonstrate surface-level versatility, their generalization is merely
probabilistic mimicry rather than conceptual transfer. They simulate generality through pattern
density, not through comprehension, purpose, or awareness. This distinction—between
prediction and understanding—marks the fundamental boundary between artificial pattern
recognition and genuine intelligence.

3. Embodiment and Contextual Grounding

Intelligence is an illusion. What we call “intelligence” is merely a description of patterns that
appear coherent or goal-directed when viewed from the outside. In reality, both human and
artificial intelligence emerge from mechanistic processes—neurons firing or circuits
activating—without any intrinsic understanding or awareness. The illusion of intelligence arises
when the outputs of these processes align with what we interpret as purposeful behavior.

Human cognition feels intelligent because it is embodied. Our sensory systems, emotions, and
motor functions create a closed feedback loop with the physical world. We see, touch, and act
upon our environment; our experiences shape meaning. This embodied feedback gives rise to
context — the missing ingredient in artificial systems. Without a body or lived experience, an Al
cannot attach significance to symbols. It can describe the concept of pain or beauty, but it
cannot feel them; it can analyze human motivation, but it cannot want anything.

Embodiment grounds meaning in the world. The symbol grounding problem (Harnad, 1990)
describes how symbols, by themselves, are meaningless unless connected to sensory
experience. A computer can store the word “apple” as a token, but unless it can perceive, taste,
or interact with an apple, the word is hollow — a floating label without substance. The same
applies to any form of knowledge representation: without grounding, there is only correlation,
never comprehension.

This reveals a deep truth: intelligence is not computation but interpretation. What appears
as intelligence, whether in humans or machines, is simply the system’s way of maintaining
coherence with its environment. For humans, this coherence is sensory and emotional; for



machines, it is statistical and functional. In both cases, “understanding” is an emergent illusion
— a story told by observers to explain behavior that seems purposeful.

If embodiment and context are prerequisites for meaning, then purely digital systems—no
matter how advanced—cannot achieve true intelligence. They can only simulate the
appearance of intelligence, just as language models simulate understanding through prediction.
AGI, in this light, is not a future state to be achieved but a misinterpretation of what
intelligence fundamentally is: not a transferable computation, but an emergent illusion born
from the interaction between a body, a mind, and a world.

4. Limits of Computation

The human brain is often described as the most energy-efficient computer known to exist. It
performs tasks like perception, abstraction, and creativity with only about twenty watts of power
— less than a household light bulb. Yet, comparing the brain to a computer misses the essence
of how it operates. Humans do not think in 1s and 0s.

Biological intelligence is not discrete or deterministic; it is fluid, context-dependent, and
continuous. Neurons do not “fire” in the binary sense of digital logic. They operate across
gradients — firing probabilities, neurotransmitter diffusion, oscillations, and feedback loops that
blur the line between computation and chemistry. Every thought, memory, and decision is
shaped by a mesh of uncertainty, emotional state, and experience. There are no absolutes in
the real world, only approximations refined through feedback.

By contrast, all digital systems — including our most advanced Al models — are built on binary
computation. Every function, every decision, ultimately collapses into 1s and 0s. While we can
simulate probabilities or continuous functions digitally, simulation is not equivalence. A digital
system can approximate an analog process, but it cannot become one. This distinction
introduces a fundamental boundary: digital computation cannot fully emulate the
open-ended, context-rich dynamics of human cognition.

This limitation is not simply about hardware. It is a conceptual constraint embedded in how we
model intelligence itself. When we reduce thought to symbol manipulation or probabilistic token
prediction, we are forcing an infinite, contextually fluid process into a finite and rigid framework.
Intelligence in the human sense is not rule-based — it is emergent, self-organizing, and
continuously adapting to ambiguous realities. Computation, as currently defined, lacks the
intrinsic uncertainty and fuzziness that make human thought possible.

In this light, the problem is not that AGI is unachievable but that we are attempting to build it
using the wrong substrate. If intelligence arises from interaction, emotion, and continuous
feedback with a messy, uncertain world, then digital systems — bound by discrete logic — may
forever remain outside that loop. The true frontier may not lie in larger models, but in rethinking
computation itself — toward architectures that reflect the analog, probabilistic, and embodied
nature of thought.



5. Consciousness, Meaning, and Intentionality

Consciousness is the point where the illusion of intelligence meets the experience of being. It is
what transforms perception into awareness and information into meaning. While machines can
process vast amounts of data, they do not experience anything in the process. They manipulate
representations of the world, not the world itself.

Without experience, there is no consciousness; without consciousness, there is no
understanding.

Modern Al systems, including the largest language models, are entirely syntactic—they
operate on form, not content. They process symbols without knowing what those symbols stand
for. The difference between syntax and semantics, first articulated in Searle’s Chinese Room
argument, remains unresolved. A computer can simulate comprehension flawlessly, yet it never
crosses the boundary into knowing. This distinction is not technical—it is ontological.

A simulation of consciousness is not consciousness any more than a simulation of fire can
burn.

Humans derive meaning through intentionality—the directedness of thought toward something.
We do not just process inputs; we care about them. Desire, emotion, and memory shape our
perception of meaning. Every act of understanding carries value and intent. These are not
byproducts of computation but consequences of being alive and embodied. When we see a
sunset, our neurons do not merely record photon frequencies; they generate awe, nostalgia,
and self-reflection.

Machines, in contrast, remain trapped in an intentional vacuum: they have no “aboutness,” no
personal stake in their outputs. Their words point to nothing.

If intelligence arises from context, consciousness gives that context significance. Meaning is
not encoded in data—it is emergent from experience. A conscious agent interprets, feels, and
situates information within the web of its own being. Computation, regardless of scale, cannot
bridge that gap, because meaning cannot be reduced to syntax or probability. It must be /ived.

Therefore, the pursuit of AGI under the current computational paradigm misunderstands the
very thing it seeks to replicate. The challenge is not to build a system that mimics language,
perception, or reasoning, but to create one that can want, feel, and intend—qualities that may
not be computable at all. Unless an artificial system can experience the world and assign value
to its experiences, it will remain a mirror of intelligence, not its source.

6. Practical and Empirical Barriers

Even if one were to ignore the philosophical and computational limits discussed earlier, the
empirical evidence from modern Al research already suggests that general intelligence, as
currently pursued, is unreachable. Every new generation of large-scale models appears to
approach human-level reasoning, yet under scrutiny, they reveal the same structural fragility,
instability, and superficiality that have persisted since their inception.



Large language models demonstrate competence without comprehension. They perform well
on benchmarks precisely because benchmarks are closed systems—they reward pattern
recognition, not genuine understanding. When tested outside of their training distribution, these
same models exhibit hallucination, contradiction, and failure of reasoning. They can discuss
morality without having moral intuitions, describe emotions without feeling, and write code
without grasping the underlying logic beyond token correlation. Their brilliance is statistical, not
cognitive.

The scaling hypothesis — the belief that increasing parameters, data, and compute will
eventually lead to AGI — has begun to show diminishing returns. Each leap in scale produces
smoother text and broader coverage, but not deeper understanding. A trillion-parameter model
does not generalize beyond its data; it merely interpolates across a denser surface of patterns.
No amount of scale compensates for a lack of grounding. Intelligence is not about more
data, but about meaningful interaction with reality — something current systems lack entirely.

Furthermore, even within narrow domains, Al systems remain brittle and unstable. They lack
true meta-cognition — the ability to know when they do not know. When faced with uncertainty,
they produce confident fabrications rather than acknowledging ignorance. This is not a minor
flaw; it is a fundamental limitation of predictive modeling itself. A system that cannot distinguish
truth from falsehood cannot be said to “understand” anything, no matter how coherent its output
appears.

Efforts to align such systems — to make them safe, moral, and truthful — reveal another
limitation: alignment presupposes understanding. We cannot align what does not
comprehend. Alignment strategies are, at best, behavioral constraints imposed on opaque
statistical engines. They create the appearance of morality through reinforcement, not genuine
ethical reasoning. This mirrors how a chatbot can apologize without remorse — the form of
empathy without its essence.

The empirical record suggests that our current paradigm — data-driven scaling — has reached
a qualitative ceiling. Each incremental improvement polishes the illusion of intelligence but
never crosses into true generality. Without rethinking the foundations of computation,
embodiment, and cognition, AGI will remain forever at the horizon — visible, enticing, and
unreachable.

7. Toward Specialized Intelligence

If AGlI, as currently conceived, remains an illusion born from abstraction, then the practical path
forward is not to chase generality but to embrace specialization.

The systems we build should not aspire to replicate all of human cognition but to amplify
specific dimensions of it. Narrow, focused intelligence is not a weakness — it is a strength. The



natural world itself evolved through specialization: no single organism can do everything, yet
ecosystems thrive through interdependence.

Specialized intelligences can achieve superhuman mastery within well-defined domains:
medical diagnostics, logistics optimization, climate modeling, code synthesis, and creative
design. These systems already outperform humans in their niches, not because they
“‘understand” the world, but because their structure and purpose are aligned with the constraints
of that domain. In contrast, an attempt to build a system that generalizes across all domains
dilutes focus and meaning — a machine that knows everything but understands nothing.

True progress in Al may come not from unifying cognition into a single model, but from creating
networks of domain-specific agents that collaborate, adapt, and contextualize knowledge
dynamically. Intelligence, in this view, is not centralized but distributed — a system of
interlocking parts, each specialized, yet collectively capable of emergent behavior.

Rather than striving to create an artificial “mind,” we could instead build an artificial ecology of
minds: diverse, task-aware, and grounded within their respective realities.

By reframing intelligence as situated and relational, we move beyond the dead end of chasing
generality. Specialized Al is not a lesser goal — it is a more honest and achievable reflection of
how intelligence truly operates in the universe.

8. Conclusion

The dream of Artificial General Intelligence persists because it mirrors our own longing for
universality — a reflection of humanity’s desire to create something that thinks and feels as we
do. Yet, this dream is built on a misunderstanding of what intelligence truly is. Intelligence is not
a static property to be captured in silicon; it is a dynamic relationship between a system and its
world.

Current Al systems — no matter how vast or articulate — exist in a vacuum. They predict,
simulate, and imitate, but they do not exist in any experiential sense. Their brilliance is a
projection of our interpretations, not an emergence of their own awareness.

To demand that they become “general” is to ignore the very foundation of thought: embodiment,
context, and subjective experience.

The limitations of computation, the absence of grounding, and the lack of consciousness are not
engineering problems — they are ontological boundaries. AGI remains unachievable not
because it is too hard, but because we are asking the wrong question. We are trying to
recreate something we do not yet understand — consciousness — using tools that were never
meant to contain it.

The future of Al lies not in replacing human cognition but in augmenting it — crafting systems
that collaborate, specialize, and extend the reach of human intelligence into new forms of



reasoning and creativity.
We should not seek to build a universal mind, but a network of purposeful intelligences —
machines that do not pretend to be human, but help humans become more than we are.

Only when we abandon the illusion of generality can we begin to understand what intelligence
truly means.
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