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Abstract

This analysis distinguishes between the narrow optimisation of current Al and the extrapolation needed for Artificial General
Intelligence (AGI). Today, Al mainly consists of Artificial Narrow Intelligence (ANI), which is good at pattern recognition within
its training data. Architectures like the Transformer, with mechanisms such as self-attention and gradient descent, are designed
to identify statistical correlations within a specific distribution, such as spam SMS features. But this makes them fragile; they
struggle to apply learned rules to slightly different domains, such as email filtering, because their knowledge is limited to the
"convex hull" of the training examples. This isn’t a scale issue but a structural one-so-called "zero-shot" learning is broad
interpolation, not true skill. Conversely, biological cognition emphasises extrapolation-forming abstract, hierarchical schemas
from limited experience and applying them to new situations. Human learning, like a child moving from crawling to walking,
uses embodied cognition to relate concepts like gravity and momentum to physical reality, enabling effective knowledge transfer.
Large Language Models are less data-efficient than humans, who learn language through social and physical grounding. Their
failure on benchmarks such as the Abstraction and Reasoning Corpus (ARC-AGI), which test abstract rule induction from a few
examples, highlights this gap. Public discussions on Brain-Computer Interfaces are often misleading; these systems are advanced,
narrow Al applications for signal processing and decoding motor intentions, not for understanding or reading abstract thoughts.
Achieving AGI will require a shift beyond merely scaling current architectures, which face data and energy constraints. The
future involves integrating causal reasoning, neuro-symbolic systems, and embodied Al to close the gap between statistical
pattern matching and genuine, general understanding.
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1. Introduction: The Taxonomy of the
Artificial and the Biological

The current epoch of technological advancement is fre- hyper-specialised optimisation. As articulated in the foundational
quently mischaracterised as the dawn of artificial thought. In  critique driving this investigation, we have constructed systems
reality, it is the golden age of Artificial Narrow Intelligence  that excel at isolating patterns within specific distributions-such
(ANI)-a paradigm defined not by cognitive flexibility, but by  asidentifying spam SMS messages-yet fail catastrophically when
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tasked with applying those learned principles to adjacent do-
mains, such as email filtering, without explicit retraining. This
limitation is not merely a quirk of current engineering but a
fundamental property of the underlying mathematical archi-
tectures.

The prevailing discourse, amplified by industry figureheads,
often conflates the fluency of Large Language Models (LLMs)
with the reasoning capabilities of the human mind. However,
a rigorous analysis reveals a stark divergence in mechanism.
Human cognition is rooted in extrapolation-the ability to con-
struct abstract schemas from limited experiences (e.g., a child
transitioning from crawling to walking) and apply them to
novel environments. In contrast, current Al systems operate
through interpolation within high-dimensional manifolds,
bounded by the "precise mathematics" of their training objec-
tives.

This report provides an exhaustive analysis of this "Extrap-
olation Gap." We will dissect the mathematical rigidity of
Transformer architectures, contrast them with the fluid dy-
namics of biological cognitive development, and critically ex-
amine claims surrounding Brain-Computer Interfaces (BCls)
such as Neuralink. By synthesising data from computational
linguistics, developmental psychology, and neuroscience, we
affirm the hypothesis that Artificial General Intelligence (AGI)
remains a distant prospect, separated from our current capa-
bilities by decades of necessary innovation in causal reasoning,
embodiment, and energetic efficiency.

2. The Computational Substrate: Precise
Mathematics of Narrow Al

To understand why an Al cannot spontaneously transfer
knowledge from SMS to email, one must look beyond the an-
thropomorphic interfaces and examine the rigid mathematical
operations that constitute "learning" in silicon. The observa-
tion that "we have to teach Al the precise mathematics" is
technically precise. A neural network does not discover the
laws of logic; it minimises a cost function defined by human
engineers.

2.1. The Transformer Architecture:
Optimisation, Not Comprehension

The dominant architecture of the modern Al landscape is
the Transformer. While often described as "reading" text, it is,
in functional reality, a sequence processing engine designed to
maximise the statistical likelihood of the next token (Xi1)
given a context window of previous tokens (X1, Xa,..., X¢). [27].

2.1.1. The Mechanism of Self-attention

The Transformer's engine is Self-Attention. This mecha-
nism allows the model to weigh the relevance of different
words in a sequence to one another. However, this "relevance"
is not semantic; it is vector alignment. For every token, the

model generates three vectors: a Query (Q), a Key (K), and a
Value (V). The attention score is calculated via a specific
mathematical operation:

T
Attention(Q, K, V) = softmax (%) A%
k

This formula dictates the model's "focus." The term QKT
represents the dot product between the Query and Key vectors.
In a high-dimensional vector space, the dot product measures
geometric alignment. If the vector for "Spam" points in the
same direction as the vector for "Urgent," their product is high,
and the model "attends" to the relationship. [27].

Crucially, this is a closed system. The model does not know
what "Spam" is; it only knows its vector relationships to other
tokens, such as "Winner," "Click," and "Free," within the spe-
cific distribution of SMS data. When the domain shifts to
email-where "Spam" might be defined by HTML header
anomalies or complex phishing narratives-the geometric rela-
tionships learned from SMS (short length, specific vocabulary)
no longer hold. The "precise mathematics" that optimised the
model for SMS creates a rigid manifold that does not encom-
pass the email domain.

2.1.2. The Softmax Bottleneck and the Illusion of
Choice

The perception that LLMs "write perfect text" and exhibit
creativity is a byproduct of the Softmax Bottleneck. The final
layer of an LLM produces a vector of "logits"-raw numerical
scores for every word in the model's vocabulary. [14] These
logits are converted into probabilities using the softmax func-
tion with a temperature parameter (T):

_ exp(zi/T)
P 5 ewam

This equation is the gatekeeper of the model's output.

1) Low Temperature (T — 0): The distribution sharpens.
The model becomes deterministic, selecting the most
probable word from its training data. This results in the
"perfect grammar," as the model defaults to the most sta-
tistically common (and thus grammatically correct) syn-
tactic structures found in its massive training corpus. [14]

2) High Temperature (T > 0.7): The distribution flattens, al-
lowing the model to sample lower-probability words.
This stochasticity is often mistaken for "creative extrap-
olation." In reality, it is randomised interpolation-the
model is exploring the "fuzzier" edges of the learned dis-
tribution, not stepping outside it to generate novel ideas.
[14]

2.2. Gradient Descent: The Rigid Teacher

The process by which the machine "learns" these vector re-
lationships is Backpropagation driven by Gradient Descent.
This is the "teaching of precise mathematics."
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During training, the model's predictions are compared to the
actual data using a Loss Function (typically Cross-Entropy
Loss). The error is propagated backwards through the network,
and the partial derivative of the error with respect to every
weight is calculated. The weights are then adjusted to reduce
the error:

enew = eold -MN Vo J(B)

Where 1 is the learning rate and Ve J(0) is the gradient. This
process moulds the network's parameters to fit the training
data's manifold perfectly. However, once training stops, the
weights are frozen. The model has no mechanism to update its

"rules" based on new inputs during inference. It is a static ar-
tefact of its training run. To learn a new task (like recognising
spam emails), the engineer must intervene, curate a new da-
taset, and re-run the optimisation process (Fine-Tuning). This
is the antithesis of the autonomous extrapolation seen in bio-
logical systems.

2.3. Comparative Analysis: Narrow Al
Optimisation vs. Biological Learning

The fundamental difference between the "precise mathe-
matics" of Al and human learning can be summarised by the
distinction between Curve Fitting and Schema Formation.

Table 1. Comparison of narrow Al and biological intelligence and their implications for extrapolation.

Narrow Al (e.g., LLMs, Spam

Feat
cature Filters)

Backpropagation: Global

Biological Intelligence (e.g., Hu-
mans)

Hebbian Plasticity & Synaptic

Implications for Extrapolation

Learning Mechanism

Knowledge Representa-
tion

Generalisation Type

Data Efficiency

Update Frequency

optimisation of weights to
minimise error on a specific
dataset. [7]

High-Dimensional Vectors: Dense,
continuous representations based
on statistical co-occurrence. [27]

Interpolation: Predicting values
within the range of training data.
(28]

Low: Requires trillions of tokens
to approximate grammar. [19]

Static: Weights are frozen after
training; no learning during infer-
ence. [29]

Consolidation: Local, real-time
strengthening of connections
based on causal association. [25]

Hierarchical Schemas: Abstract,
structured representations of con-
cepts, causality, and relationships.

(1]

Extrapolation: Applying rules to
entirely new domains outside prior
experience. [20]

High: Requires minimal exposure
(millions of words) to master lan-

guage. [5]

Continuous: The brain constantly
updates its world model with
every millisecond of experience.
[16]

Al requires massive retraining for
new tasks; humans adapt in real-
time.

Al "concepts" are fragile correla-
tions; human schemas are robust
and transferable.

Al fails when data distribution
shifts (SMS — Email); humans
succeed.

Humans leverage "priors" and em-
bodiment; Al relies on brute force.

Al is an archive of the past; hu-
mans are adaptive agents of the
present.

3. The Geometry of Limitations: Why Al
Cannot Extrapolate

To deeply understand the "SMS to Email" failure, we must
engage with the geometry of high-dimensional spaces. This
section explores why what appears to be learning is often
merely sophisticated memory retrieval.

3.1. The Manifold Hypothesis and the Convex
Hull

Machine learning theory relies on the Manifold Hypothesis,
which posits that real-world data (such as valid English sen-
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tences or images of faces) lies on a low-dimensional topolog-
ical manifold embedded in the high-dimensional input space.
"Learning" is the process of mapping this manifold.

When an Al is asked to classify a new SMS message, it is
performing interpolation. If the new message falls within the
"convex hull" (the geometric envelope) of the training exam-
ples, the model can accurately predict the label by averaging
the behaviours of nearby training points.

The Failure of Extrapolation:

Extrapolation, in the strict mathematical sense, occurs when
a query lies outside the convex hull of the training data-that is,
beyond the geometric envelope formed by all previously ob-
served examples. In modern neural networks, this envelope
exists in an extremely high-dimensional feature space, often
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comprising thousands of dimensions. In such spaces, a coun-
terintuitive but well-established phenomenon emerges: the
volume of space outside the convex hull grows exponentially
relative to the volume inside it. This asymmetry, known as the
Curse of Dimensionality, implies that almost all possible in-
puts lie outside the region in which the model has empirical
support. Consequently, what appears to be a modest generali-
sation shift from a human perspective can correspond to a vast
geometric displacement from the model’s standpoint.

Recent theoretical work by LeCun and Balestriero formal-
ises why this geometric reality is fatal to extrapolation. Neural
networks, despite their apparent complexity, are fundamen-
tally spline approximators: they construct smooth, continuous
functions that interpolate between known data points. Within
the region spanned by the training data, these splines behave
predictably, producing stable and often highly accurate out-
puts. Outside that region, however, there are no constraints en-
forcing meaningful behaviour. The learned function may flat-
ten, oscillate, or diverge arbitrarily, not because the model is
malfunctioning, but because the optimisation process never
defined how it should behave there. Extrapolation is therefore
not merely difficult for neural networks-it is mathematically
underdetermined. [28].

This geometric limitation explains why transferring
knowledge from “Spam SMS” detection to “Spam Email” de-
tection fails so reliably. Although both are labelled with the
same semantic category by humans, they occupy fundamen-
tally different regions of the feature space. Spam SMS mes-
sages are characterised by short length, limited vocabulary,
and the absence of structural metadata. Spam emails, by con-
trast, involve longer narratives, HTML formatting, header in-
formation, and complex phishing patterns. As a result, spam
emails lie far outside the manifold learned from SMS data.
The learned decision boundary-optimised with precise math-
ematics for SMS-does not extend into this new region in any
principled way.

Crucially, this failure does not reflect a lack of intelligence
in the colloquial sense, nor a deficiency in training scale. The
model lacks an abstract or causal concept of “spam” to guide
its behaviour in unfamiliar domains. Instead, it possesses a de-
tailed geometric map of SMS spam-a local approximation
valid only within a narrowly defined territory. When the do-
main shifts, the map simply ends. Without an internal theory
to bridge the gap between domains, the model has no basis for
inferring how the concept should manifest under new surface
features. In this sense, the system is not confused; it is blind.
Its precise mathematical formulation was never designed to
generalise beyond the manifold on which it was optimised.

This distinction between mapping and theorising marks the
fundamental divide between narrow artificial intelligence and
biological cognition. Humans abstract causal structure from
experience, allowing concepts such as deception, intent, or
manipulation to transfer seamlessly across media. [22] Neural
networks, by contrast, remain bound to the geometry of their
training data. Until artificial systems can form representations
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that transcend local manifolds and encode causal regularities
rather than statistical proximity, extrapolation will remain an
inherent and unavoidable failure mode rather than a solvable
engineering challenge.

3.2. The Illusion of "Zero-Shot'" Generalisation

Proponents of the "Al is already AGI" narrative often cite
Zero-Shot Learning (ZSL) as evidence of extrapolation. ZSL
is the ability of a model to perform a task it was not explicitly
trained to do (e.g., GPT-4 translating a language pair it was
not fine-tuned on).

However, a closer examination reveals this is often a mis-
nomer.

1) Implicit Pre-training: LLMs are trained on internet-scale
datasets (Common Crawl). It is highly probable that the
model has seen similar tasks, instructions, or the under-
lying structure of the "novel" problem during pre-train-
ing. It is not generating a new skill; it is retrieving a la-
tent capability. [13]

2) In-Context Learning (ICL): When a user provides a
prompt with examples (Few-Shot Prompting), the model
uses the attention mechanism to copy the pattern within
the context window. This is not a weight update (learn-
ing); it is a temporary activation state. The model is ef-
fectively running a "mini-program" defined by the
prompt. This capability, while impressive, is bound by
the training distribution. If the prompt requires a logic
totally alien to the training data (like the ARC-AGI
benchmark), ICL fails. [29]

The "Zero-Shot" capability is, therefore, better understood
as Broad Interpolation. The model covers such a vast area of
the conceptual space that many tasks fall within its interpo-
lated range. But this is not the infinite adaptability of AGI; it
is just a very large, static library. [26]

4. The Biological Standard: Embodiment
and Schema Theory

The human child's ability to extrapolate from "crawling to
walking" is the gold standard of intelligence. This capability
is not magic; it is the result of Embodied Cognition [9] and
Schema Theory [18], mechanisms absent in current Al

4.1. Piagetian Schemas: The Architecture of
Transfer

Jean Piaget’s theory of cognitive development offers a ro-
bust framework for understanding human extrapolation. Pia-
get defined learning as a dynamic equilibrium between two
processes: Assimilation and Accommodation. [25].

1) Assimilation (Interpolation): The child integrates new

information into an existing schema. (e.g., Recognising
a Great Dane is a "dog" because it fits the "four legs,
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barks" schema). Narrow Al does this well.

2) Accommodation (Extrapolation): The child modifies the
schema to handle conflicting information. (e.g., Realis-
ing a cat is not a dog, creating a new "cat" schema, and
refining the "animal" super-schema). Narrow Al cannot
do this. Its "schemas" (weights) are frozen.

The Hierarchical Advantage:

Humans organise knowledge hierarchically. A "Spam"
schema in a human mind is abstract: Spam = Unsolicited +
Deceptive + Transactional. Because this schema is abstract, it
is independent of media. A human can apply the "Deception”
attribute to an SMS, an email, or a knock on the door. AI mod-
els operate on surface features (tokens, pixels). They lack the
abstract hierarchical layer that permits transfer across distinct
feature sets. [1].

4.2. Embodied Cognition: Grounding
Knowledge in Physics

The transition from crawling to walking is a prime exam-

ple of Embodied Extrapolation. [9].

1) The Crawling Phase: The infant learns Sensorimotor
Contingencies-the rules governing how sensory inputs
change based on motor actions. They learn "optic flow"
(how the world appears to move when I move) and "pro-
prioception" (where my limbs are). [20].

2) The Transfer: When learning to walk, the infant does not
discard the data from crawling. They extrapolate the
concepts of balance, gravity, and momentum. The "mo-
tor babbling" (random movements) is not truly random;
it is constrained by the physics learned during crawling.

3) The AI Deficit: An Al trained on a dataset of crawling
videos has learned the visual pattern of crawling. It has
learned no physics. If you ask it to generate a walking
video, it has no underlying model of gravity or mass to
guide the transition. It hallucinates because its symbols
are ungrounded-they refer to other symbols rather than
to physical realities. [12].

4.3. Language Acquisition: The Data Efficiency

Paradox

The comparison between child language acquisition and
LLM training highlights the inefficiency of disembodied
learning.

1) The Child: Achieves fluency with ~10 million words of

input.

2) The LLM: Requires ~10 trillion words to achieve com-

parable fluency. [19].

Why the discrepancy? The child uses Joint Attention and
Social Intent. When a parent says, "Look at the dog," the child
follows the parent's gaze, triangulates the object, and anchors
the word "dog" to the physical entity. The syntax is acquired
as a tool to navigate this social-physical reality. [5] The LLM,
lacking a body or social goals, must rely on the brute force of
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the Distributional Hypothesis-inferring meaning solely from
the statistical company words keep. It requires orders of mag-
nitude more data to triangulate meaning, because it is solving
a much harder problem: learning about the world from text
alone, without ever seeing it. [23].

5. The Benchmark of Failure: ARC-AGI
and the Limits of Reasoning

The most empirical proof that current Al lacks extrapola-
tion capabilities is found in the Abstraction and Reasoning
Corpus (ARC-AGI), developed by Francois Chollet. This
benchmark was explicitly designed to test the definition of in-
telligence: the ability to efficiently acquire new skills. [3].

5.1. The Nature of the Test

The Abstraction and Reasoning Corpus (ARC-AG]I) is de-
liberately constructed to isolate the core faculty that distin-
guishes general intelligence from narrow pattern recognition:
the ability to infer abstract rules from minimal evidence and
apply them to novel situations. Each ARC task consists of a
small visual grid composed of coloured squares, presented as
a set of input—output pairs. The solver is provided with only
two or three such demonstrations and must generate the cor-
rect output for a new input that obeys the same underlying
transformation. No explicit instructions, labels, or task de-
scriptions are given. The problem must be understood solely
through the structure of the examples themselves.

Crucially, the transformations required to solve ARC tasks
are not surface-level statistical regularities. They invoke ab-
stract relational concepts such as symmetry, continuation,
containment, object persistence, directional motion, or grav-
ity-like behaviour, where objects appear to “fall,” “collide,” or
“stop” when encountering boundaries. The solver must there-
fore move beyond memorising pixel configurations and in-
stead induce a latent rule that governs how objects interact
within the grid. This process mirrors few-shot learning in its
strongest sense: the task is not to recognise a familiar pattern,
but to construct a hypothesis about the generative process that
produced the examples and then apply that hypothesis to un-
seen data.

ARC is explicitly designed around the assumption of what
Francois Chollet terms core knowledge priors-basic cognitive
assumptions about the world that humans possess prior to for-
mal learning. These include expectations such as object per-
manence (objects continue to exist even when they move or
change position), identity preservation (an object remains the
same object despite transformation), and the relevance of col-
our, shape, and spatial adjacency. Such priors are so funda-
mental that even young children apply them effortlessly. A hu-
man solver does not need to be taught that a contiguous block
of squares constitutes an “object,” or that symmetry should be
preserved unless violated; these assumptions are automati-
cally brought to bear when interpreting the task. [3].
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The importance of these priors cannot be overstated. ARC
tasks do not reward exhaustive search or brute-force pattern
matching; instead, they penalise systems that lack an internal
model of objects and relations. Without assumptions about
persistence, boundaries, and causal structure, the search space
of possible transformations becomes combinatorially intracta-
ble. Humans prune this space almost instantly by applying in-
tuitive physical and logical constraints. In contrast, most con-
temporary Al systems lack these built-in priors and must ap-
proximate solutions by statistical similarity to previously seen
patterns. When no such pattern exists-as is often the case in
ARC-the system fails not due to insufficient compute, but be-
cause the benchmark presupposes the abstract representational
scaffolding that is absent.

In this sense, ARC-AGI does not test intelligence as perfor-
mance on a fixed skill, but intelligence as skill acquisition it-
self. Success requires the solver to rapidly form a new internal
rule, manipulate symbolic relationships, and generalise that
rule beyond the examples provided. This is precisely the mode
of reasoning at which humans excel, and narrow Al systems
struggle. The benchmark thus serves not as an incremental
challenge to existing architectures, but as a diagnostic instru-
ment, revealing the structural limits of systems that rely on

interpolation rather than genuine abstraction and extrapolation.

5.2. The Failure of the State-of-the-Art

Despite the massive scaling of models like GPT-5 and ol
(Strawberry), their performance on ARC-AGI reveals a pro-
found deficit.

1) Human Performance: ~85-90% accuracy. Humans easily
identify the abstract rule (e.g., "move the blue square un-
til it hits the red wall").

2) Al Performance: SOTA models, even with heavy com-
pute and "Chain of Thought" reasoning, struggle to
break 40-50% on the public set and score significantly
lower on the private evaluation set.

3) The Why: LLMs attempt to solve ARC by retrieving
memorised programs or finding approximate patterns in
their training data. They lack a discrete program synthe-
sis engine. They cannot define a new variable or a new
logical operator on the fly. When the task requires a log-
ical leap that isn't represented in the training corpus (ex-
trapolation), the model fails.

Recent attempts to "solve" ARC often rely on generating
thousands of Python programs and checking them against the
examples (Test-Time Compute). While this improves scores,
it is a brute-force search rather than an intelligent extrapola-
tion. It is akin to trying every key on a keychain rather than
looking at the lock's shape.

6. The Neural Interface Fallacy: Why
Neuralink Is Not AGI

Elon Musk's claims that Neuralink represents a path to AGI
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or "reading thoughts." This is scientifically warranted. The
conflation of Signal Processing with Cognitive Understanding
is a major source of public confusion.

6.1. The Engineering of Neural Interfaces

To understand what Neuralink does, we must examine
the signal processing pipeline, which relies on Narrow Al
1) Acquisition: The implant records extracellular electrical

potentials using micro-electrodes.

2) Spike Sorting: The raw signal is noisy. Narrow Al algo-
rithms (such as Convolutional Neural Networks or PCA-
based clustering) are used to detect "spikes" (Action Po-
tentials) and assign them to specific neurons. This is a
classification task: Is this voltage spike noise, Neuron A,
or Neuron B?.[10].

3) Decoding: A decoding algorithm (e.g., a Kalman Filter
or a Recurrent Neural Network) maps the spike rate to a
desired output, such as the X/Y coordinates of a mouse
Cursor.

The Narrowness of the Decoder:

This decoder is the definition of Narrow Al It is trained
on a specific dataset: Subject A imagines moving their hand
left — Neurons 1, 4, and 9 fire.

1) No Extrapolation: If Subject A decides to control the cur-
sor by imagining singing a song instead of moving their
hand, the decoder fails. It cannot extrapolate the intent
"move cursor" from a new neural pattern. It must be ex-
plicitly retrained on the "singing" signals. [15].

2) Brittleness: The neural code is non-stationary. As the
brain changes (neuroplasticity) or the electrodes shift
slightly, the decoder's performance degrades. It requires
constant recalibration (retraining), unlike a human who
can adapt to a new tennis racket instantly. [32].

6.2. The "Reading Thoughts' Myth

The claim that such devices can "read thoughts" implies ac-
cess to the semantic content of the mind. This is biologically
implausible with current technology.

1) The Location Problem: Neuralink primarily targets the
Motor Cortex (movement). Abstract thoughts, memories,
and language are distributed across the Prefrontal Cortex,
Temporal Lobes, and Hippocampus. Recording the mo-
tor cortex tells you how the person wants to move, not
why or what they are thinking about. [30].

2) The Translation Problem: There is no universal "Neural
Code." The pattern of neurons firing for the concept "De-
mocracy" in Person A's brain is completely different
from Person B's. It is shaped by their unique life history
and synaptic weights. An Al cannot "learn" a universal
dictionary of thought because one does not exist. It can
only learn a personalised, narrow dictionary for one user.
[31].
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6.3. Large Brain Models (LaBraM): Scaling
Narrow Al to the Brain

Recent research has introduced Large Brain Models
(LaBraM)-Transformers trained on massive datasets of EEG
and fMRI data. [11].

1) The Promise: By pre-training on thousands of hours of
brain signals, these models learn general representations
of neural activity.

2) The Reality: They function exactly like LLMs. They pre-
dict the "next token" (next segment of the EEG signal).
They are excellent at anomaly detection (i.e., identifying
seizures) and state classification (i.c., sleep stages).

3) The Limitation: They do not understand the content. A
LaBraM can tell you that a subject is "alert" or "pro-
cessing visual stimuli," but it cannot extrapolate to tell
you what the subject is seeing unless it has been super-
vised-trained on that specific image-to-signal pair. It is a
statistical signal processor, not a mind reader. [11].

Neuralink and LaBraM are instances of Narrow Al applied to
biological data. They process specific data (electrical spikes) to
perform one task (cursor control or seizure prediction). They pos-
sess no general understanding of the human mind. [24].

7. The Trajectory of AGI: Scaling Walls
and Future Horizons

I posit that AGI is "30-40 years away." This estimate is sup-
ported by a significant body of research that identifies the
structural limitations of the current deep learning paradigm.

7.1. The Limits of Scaling: Chinchilla and
Diminishing Returns

The "Scaling Hypothesis"-the idea that simply adding more
data and compute will yield AGI-is facing mathematical and
physical realities.

1) The Data Wall: The Chinchilla Scaling Laws define the
optimal ratio of model size to training data. [6] We are
rapidly exhausting the supply of high-quality human text
on the internet. Synthetic data (Al training on Al output)
risks "Model Collapse," in which the distribution loses
variance, and quality degrades. [8].

2) The Energy Wall: The human brain operates on ~20
watts of power. A cluster training a GPT-4 level model
consumes gigawatts. This efficiency gap (a factor of mil-
lions) suggests that our current algorithms are funda-
mentally inefficient approximations of intelligence.

7.2. Moravec's Paradox and the Physical
Barrier

Moravec's Paradox remains the most stubborn obstacle to
AGI. It observes that high-level reasoning (chess, algebra) is
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computationally cheap, while low-level sensorimotor skills
(walking, folding laundry) are computationally expensive.
[21].

1) Why it Matters: AGI implies the ability to navigate the
physical world. If an Al cannot perform the "simple" task
of clearing a dinner table without breaking dishes (a task
a 5-year-old can do), it cannot be considered general.

2) The Implication: We have solved the "easy" problems
(generating text). We are only now beginning to address the
"hard" problems (robotics and causal physics). This re-
quires a shift from disembodied LLMs to Embodied Al, a
field that is decades behind language modelling in maturity.

7.3. The Timeline of Paradigm Shifts

The history of Al is cyclic. We are currently at the peak of
the "Deep Learning Summer." The transition to AGI will
likely require a new paradigm that integrates:

1) Causal Inference: Systems that model cause-and-effect
(Judea Pearl's Ladder of Causality) rather than just cor-
relation. [2].

2) Neuro-Symbolic Al: Architectures that combine the
learning capability of neural networks with the logical
rigour of symbolic systems (to solve problems like ARC-
AGI). [3].

3) Neuromorphic Computing: Hardware that mimics the
brain's spiking architecture to achieve energy efficiency.
[4].

Given that these technologies are largely in the research
phase (Technology Readiness Level 1-4), a timeline of 30-40
years for their maturation and integration into a coherent AGI
system is a scientifically grounded projection. [17].

8. Conclusion

The scepticism regarding the current state of Al is not only
justified but also aligned with the field’s deepest technical re-
alities. The distinction between Narrow Al and AGI is not
merely one of scale; it is one of fundamental topology.

Narrow Al, exemplified by LLMs and current BCI decoders,
relies on the precise mathematics of interpolation. It con-
structs rigid manifolds within high-dimensional spaces, opti-
mising weights to minimise error on specific distributions. It
excels where data is abundant and rules are static, but it is fun-
damentally brittle. It cannot step outside its training hull to
identify spam in a new medium or decode a thought it hasn't
explicitly mapped.

In contrast, biological intelligence is defined by extrapola-
tion. Humans leverage hierarchical schemas, embodied
grounding, and causal reasoning to bridge the gap between the
known and the unknown. The child's transition from crawling
to walking is a triumph of transferring physical principles to a
new motor context-a feat no current Al can replicate without
extensive retraining.

The "reading of thoughts" by machines remains a fantasy of


http://www.sciencepg.com/journal/ajist

American Journal of Information Science and Technology

http://www.sciencepg.com/journal/ajist

extrapolation-projecting the success of motor decoding onto
the vastly more complex domain of semantic thought without
the necessary scientific bridge. Until we move beyond the
"Next Token Prediction" dogma and build systems that can
model the universe's causal structure rather than just its statis-
tical structure in text, AGI will remain a futuristic aspiration.
We are not on the verge of creating a mind; we are perfecting
the ultimate mirror.
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