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Abstract

We introduce a system of instrumental and internally defined criteria for distinguishing levels
of AI.
Let I denote an intelligence system and let D(I) denote the ensemble of data generated
by I under standardized observational conditions. The proposed classification is not based
on task performance or functional scope. Instead, it is defined through intrinsic structural
invariants of D(I). In particular, we consider (among many) intrinsic dimension, topological
and complexity characteristics. The resulting classification is based on internal criteria and
differs from the familiar classifications of Weak AI and Strong AI.
We define a hierarchy {Levelk}k≥0 based on measurable structural properties of D(I).
Level0 corresponds to Weak Artificial Intelligence (conventional narrow AI systems,
mainstream AI, including specialized weak AI, and others).
Level1 corresponds to Strong Artificial Intelligence (natural or artificial).
Level2 corresponds to Super-Strong Artificial Intelligence. Higher levels extend this hierarchy
inductively.
We provide a formal operational definition of Strong Artificial Intelligence as the class of
systems I which generated data D(I) satisfy specified intrinsic structural invariants.
This definition distinguishes Strong AI from both Strong Natural Intelligence and from
Super-Strong Artificial Intelligence within the same formal framework.
We present initial experimental data confirming the applicability of these criteria to
differentiate intelligence levels.

Keywords AGI · Artificial General Intelligence · Strong AI · Super Strong AI · Complexity · Weak Ai · Hard
Problem of Consciousness · Cognition · Whitney’s Theorem · Intrinsic Dimension · Data topology

1 Introduction

Strong AI (SAI) denotes a regime of artificial intelligence that matches or exceeds human intellectual capacity
across all cognitively accessible domains, including reasoning, planning, and generative creativity. Despite its
centrality, the concept of SAI remains poorly delimited and is frequently conflated with Artificial General
Intelligence (AGI), which is typically defined as a system exhibiting a broad spectrum of human-like cognitive
abilities.
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Fig. 1: Schematic representation of AIs.

We argue that this identification is fundamentally flawed. AGI, as commonly defined, is a behavioral and
functional notion, grounded in performance across a predefined set of cognitive tasks. In contrast, SAI should
be understood as a structural and dynamical property of intelligence, independent of any anthropocentric
characteristics.

On the other hand, AI may be strong without being anthropomorphic. That is, neither Strong AI (SAI)
nor Artificial General Intelligence (AGI) necessarily implies anthropomorphic intelligence (AAI). At the
same time, AGI may exhibit both anthropomorphic and non-anthropomorphic properties. This observation
motivates a non-anthropocentric perspective on intelligence, in which strong intelligence is defined through
intrinsic structural properties rather than similarity to human cognition. See Fig. 1.

In the present work, we assume that the development of artificial intelligence will proceed along lines different
from the simple scaling of either human intelligence or existing AI systems.

We depart from scaling-based paradigms of intelligence and advance the hypothesis that intelligence is
characterized by the statistical and geometric properties of the data it generates and the complexity and
structure of the informational objects intelligence is designed to process. Consequently, intelligence can be
operationally defined and quantitatively assessed through measurable properties of these data. Conversely,
qualitative changes in these characteristics, as extracted from data, may indicate a transition to a higher
level of intelligence.

We propose that three fundamental invariants determine the level of intelligence:

• the intrinsic dimensionality of generated data and of the semantic spaces in which the system operates;

• the topological organization of these semantic spaces;

• the dynamical complexity of trajectories realized within them.

These invariants define a hierarchy of intelligence regimes and provide a principled criterion for transitions
between them.

Animal intelligence is an adaptive mechanism optimized for survival and navigation within a three-dimensional
physical environment. Consequently, the survival of an animal critically depends on its ability to internally
represent and effectively handle three-dimensional objects: the difference between a sleeping panther and one
preparing to leap may be small, yet it is of crucial importance for a hare.

Invoking the Whitney embedding theorem [1, 2], which guarantees that an n-dimensional manifold can be
embedded into a space of dimension 2n + 1, we obtain an upper bound of 2 × 3 + 1 = 7 for the effective
dimensionality of semantic representations required for such tasks. This suggests that the functional semantic
spaces instantiated in higher mammalian brains are constrained to dimensions on the order of seven.

Human intelligence constitutes a qualitative extension beyond this regime, as it operates over abstract semantic
constructs that are not reducible to just physical navigation. Accordingly, the associated semantic spaces must
exceed the animal bound. Empirical evidence supports this claim: both linguistic structures and neural data
exhibit intrinsic dimensionalities significantly above this threshold [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15].
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Fig. 2: Hierarchy of increasingly powerful forms of intelligence.

Interpreting the value 7 as both an upper bound for animal intelligence and a lower bound for human-level
semantic processing 1, we obtain the next critical threshold 2× 7 + 1 = 15.

Exceeding this boundary naturally corresponds to super-strong intelligence. Continuing this construction
yields a hierarchy of increasingly powerful forms of intelligence. See Fig. 2.

Crucially, this hierarchy is non-anthropocentric: it does not rely on human-specific cognitive features, but
instead arises from general geometric and dynamical constraints on information processing systems. We
emphasize that this dimensional criterion can be used to characterize intelligences in general.

Note that the partially ordered scheme (Fig. 2) implies the existence of transitional regimes, i.e., systems
capable of transitioning between distinct states and operating across multiple levels of intelligence. In this
sense, intelligence may be viewed as a structured continuum, with transitions between regimes analogous to
phase transitions in complex systems.

Such transitions may correspond to qualitative changes in the intrinsic structural properties of the generated
data (e.g., intrinsic dimensionality, topology, and dynamical complexity), rather than merely quantitative
improvements in task performance.

Beyond dimensionality, the topology of semantic spaces provides an independent axis of classification. The
topological analysis of structures arising in data during brain activity and in the evolution of language enables
the characterization of the complexity of semantic spaces in which intelligence operates (See Fig. 3). Different
types of intelligence correspond to different sets of homological features and distinct topological classes,
enabling a classification framework grounded in topological data analysis of large-scale structures.

Finally, intelligence manifests dynamically through trajectories evolving over these semantic manifolds. The
complexity of such trajectories (quantified via measures of predictability, entropy, and chaos) constitutes
a third, independent criterion. Together, these three invariants (dimension, topology, dynamics) define a
measurable and theoretically grounded taxonomy of intelligence.

Importantly, these quantities are not merely abstract constructs but are empirically accessible. Measurements
of intrinsic dimensionality for both human language and neural human brain signals yield values on the
order of 9, indicating that human intelligence statistically exceeds the animal regime while remaining below
the threshold associated with super-strong intelligence (naturally, this is a statistical observation, and for
some individuals this value may be higher). This observation further supports the existence of a hierarchy of
intelligence levels beyond the human domain.

1Evolutionary constraints impose a requirement for animals to operate on three-dimensional objects embedded
within a space of dimension seven. By analogy, human cognition operates on higher-order semantic objects of
dimension approximately seven, embedded in spaces of higher dimensionality. This reflects a qualitative extension of
the representational capacity beyond that required for physical interaction.

3

A
iC

um
en

e:
20

25
.0

43
v1

[c
s.H

C
]A

ug
us

t
12

20
25



What is Strong AI? A Preprint

Fig. 3: Projection of languages embedding manifold

This perspective necessitates a strict demarcation between SAI and AGI. The framework introduced in “A
Definition of AGI” [24] provides a comprehensive behavioral benchmark, quantifying performance across a set of
cognitive tasks and introducing an “AGI score” as an aggregate metric. While this approach is methodologically
sound, it remains fundamentally limited: it captures functional competence but not structural complexity.

An AI system may achieve high performance across all such benchmarks without undergoing a qualitative
transition in its underlying informational geometry. In this sense, AGI remains within the same regime as
advanced weak AI. Crucially, the cognitive capabilities enumerated in AGI frameworks are, in principle,
simulable and can be reproduced without altering the intrinsic dimensionality, topology, or dynamical
complexity of the underlying system.

We therefore conclude that AGI and SAI correspond to fundamentally different notions: the former is defined
operationally through task performance, whereas the latter is defined intrinsically through the geometry and
dynamics of generated information.

The remainder of the paper is organized as follows:

• Section 2 reviews related work, including existing definitions of AI, current AI systems, and empirical
observations of strong intelligence in language and brain data.

• Section 3 introduces the fundamental characteristics of strong intelligence.
• Section 4 presents the concepts of intrinsic dimension, data topology, and complexity as structural

invariants of intelligence.
• Section 5 discusses implications of the proposed framework, including the relationship between

language and cognition, and outlines directions for future research.
• Section 6 concludes the paper.

2 Related Work

A dominant line of research assumes that SAI will emerge as a result of the extensive scaling of large language
models (LLMs). This paradigm is supported by rapid advances in frontier models such as [25, 26], as well as
by a growing body of work demonstrating emergent reasoning capabilities in large-scale architectures [27, 28].
These developments are often interpreted as evidence of a gradual approach toward human-level intelligence.

However, this interpretation remains conceptually insufficient. In contemporary LLMs, reasoning is primarily
instantiated as the capacity to perform formal transformations over symbolic or linguistic structures. While
such capabilities are non-trivial and empirically powerful, they do not, by themselves, constitute evidence of
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Strong AI. The manipulation of abstract representations (whether in LLMs or in classical symbolic AI) remains
fundamentally combinatorial in nature. High apparent complexity can therefore arise without a corresponding
increase in the intrinsic semantic capacity of the system. By analogy, the ability to assemble complex
configurations of building blocks does not imply the structural understanding required for architectural
design.

As argued in the Introduction, the decisive factor is not the sophistication of transformations per se, but
the capacity of the semantic space in which these transformations occur. Reasoning, in this framework, is
constrained by the geometry and intrinsic dimensionality of the underlying representational manifold.

Empirical evidence supports this distinction. In the work “Spot the Bot” [5], it was shown that the intrinsic
dimensionality of text generated by state-of-the-art language models remains limited despite substantial
increases in surface-level fluency and coherence. In particular, the authors demonstrate that machine-generated
text occupies a lower-dimensional manifold compared to human-generated language, making it statistically
distinguishable. This suggests that scaling alone may lead to denser sampling within a constrained semantic
space, rather than to a qualitative expansion of that space.

More broadly, the current state of AI can be characterized as a combination of large-scale generative models
with increasingly sophisticated training regimes and architectural refinements. While these systems exhibit
impressive performance across a wide range of benchmarks, their operation remains largely confined to
transformations within fixed representational regimes.

Within this context, Strong AI should be understood not as an extrapolation of current capabilities, but as a
transition to qualitatively different semantic spaces with higher intrinsic dimensionality, richer topology, and
more complex dynamical organization.

The absence of such structural criteria in existing frameworks leads to a fundamental ambiguity. In particular,
widely adopted definitions of AGI, such as the one proposed in [24], rely on aggregating performance across
multiple cognitive domains into a unified “AGI score.” While this approach provides a useful operational
benchmark, it remains inherently behavioral and task-oriented. As a result, it does not capture the underlying
structural complexity of intelligence.

Consequently, prevailing approaches do not offer operational criteria that distinguish Weak AI from Strong AI.
This lack of differentiation often leads to a conceptual conflation of SAI with AGI, which we argue constitutes
a methodological misalignment. An AI system may achieve high performance across a wide spectrum of
tasks (thereby qualifying as AGI) without undergoing a qualitative transition in its intrinsic informational
geometry.

At the same time, AGI represents an important and practically relevant direction of research, focused on
generality and versatility across tasks. However, without a theory grounded in intrinsic dimensionality,
topology, and dynamical complexity, AGI cannot serve as a sufficient proxy for Strong AI.

2.1 Available Definitions of AI

The diversity of interpretations of weak and strong artificial intelligence can, in practice, be reduced to two
principal definitional strategies.2

A common approach to defining Strong Artificial Intelligence (SAI) proceeds by analogy with the only
empirically available instance of strong intelligence – namely, Strong Natural Intelligence (SNI), which is
conventionally associated with humans. Within this paradigm, SAI is characterized through a set of cognitive
properties derived from human intelligence.

Definition 1 Strong AI is an artificial system capable of understanding, learning, and applying knowledge
across domains, adapting to novel situations, performing abstract reasoning, planning, and exhibiting forms
of self-reflection at a level comparable to, or exceeding, human intelligence.

Complementarily, Weak AI (or Narrow AI) is defined via restriction:

2The conceptual difficulty of the present problem arises, first and foremost, at the level of definition. Adapting
an insight often attributed to Karl Popper, one may argue that the ability to define a concept is a prerequisite for
understanding it. Definitions are not merely formal constructs; they determine the scope, methodology, and validity of
scientific inquiry.
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Definition 2 Weak AI (Narrow AI) refers to an artificial system designed to perform a specific task or a
limited class of tasks. Such systems operate within predefined domains and lack the capacity for generalization,
transfer of knowledge, or autonomous adaptation beyond their training regime.

While these definitions are widely adopted, they remain fundamentally descriptive and anthropocentric.
They enumerate observable capabilities but do not provide operational criteria that distinguish qualitatively
different regimes of intelligence.

2.2 Available AI Systems

Contemporary artificial intelligence systems, including advanced Large Language Models (LLMs) such as
GPT, Gemini, and Claude, represent highly sophisticated instances of Weak AI (or Narrow AI). More recent
developments, often referred to as Large Reasoning Models (LRMs), including systems such as DeepSeek-R1
and reasoning-enhanced variants of Claude and Gemini(e.g., o3-mini, DeepSeek-R1, Claude-3.7-Sonnet-
Thinking), demonstrate significantly improved performance in tasks requiring multi-step inference and
structured problem solving.

Despite these advances, such systems remain confined to transformations within learned representational
spaces and therefore do not exhibit the structural properties associated with Strong AI.

The term Strong AI is frequently used interchangeably with Artificial General Intelligence (AGI), which
shifts the focus toward generality across tasks. However, generality and strength are not equivalent notions.
A system may be highly general yet remain structurally limited, while a Strong AI system may, in principle,
be highly specialized but operate at a level of complexity comparable to Strong Natural Intelligence.

The framework proposed in “A Definition of AGI” [24] formalizes AGI as performance across a set of cognitive
benchmarks, introducing a quantitative “AGI score” that aggregates breadth and depth of capabilities. This
approach is methodologically sound and practically useful, as it enables standardized evaluation of AI systems.

However, such frameworks remain fundamentally behavioral. They assess what a system can do, but not what
the system is in terms of its intrinsic informational structure. As a consequence, high performance across
cognitive benchmarks does not imply a qualitative transition from Weak AI to Strong AI.

Indeed, the key characteristics commonly attributed to Strong AI (e.g., generalization, problem-solving ability,
contextual understanding, self-learning, and even forms of reasoning) are neither necessary nor sufficient
conditions for Strong Intelligence. These properties can, in principle, be simulated or approximated within
systems that remain structurally confined to a limited semantic regime.

This observation highlights the absence of fundamental criteria for identifying Strong Intelligence, whether
natural or artificial. The reliance on extensive panels of cognitive tests obscures rather than resolves this
issue, as such tests measure functional performance rather than intrinsic complexity.

Given the distinction between AGI and SAI, it is both justified and necessary to adopt a different evaluative
framework for Strong AI. In particular, the identification of Strong Intelligence requires criteria that capture
qualitative differences in the structure and dynamics of information processing, rather than quantitative
differences in task performance.

In this work, we therefore define Strong AI not through an enumeration of cognitive abilities, but through
fundamental structural characteristics that distinguish strong from weak intelligence.

2.3 Observation of Strong Intelligence on language data

A promising direction in the search for operational criteria of strong intelligence is the analysis of intrinsic
dimensionality of linguistic structures. Language, as a primary product of natural intelligence, provides a
natural empirical substrate for probing the geometry of semantic representations.

Recent works [3, 4, 5] demonstrate that natural language can be rigorously described as a unified complex
system, exhibiting properties of self-organized criticality. Within this framework, texts can be interpreted as
avalanches in an underlying dynamical system.

To formalize this perspective, consider a language as a dataset embedded into a metric space. Let X denote
the space of embeddings of words or n-grams, equipped with a probability measure µ. The resulting structure
can be treated as a metric measure space (X, d, µ).

We employ three complementary notions of dimensionality:
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2.3.1 Topological dimension

dimT (X) = inf {n | every finite open cover has a refinement of order ≤ n+ 1}

2.3.2 Hausdorff dimension

dimH(X) = inf
{
d ≥ 0

∣∣ Hd(X) = 0
}

where Hd is the d-dimensional Hausdorff measure.

2.3.3 Intrinsic dimension

Intrinsic dimension is defined as a mapping [29, 30]:

∂ : X → R+

that satisfies axioms of concentration, smooth dependence on the dataset, and normalization, where X denotes
the class of metric measure spaces.

2.3.4 Estimation procedure

Given a corpus of texts in a language, we construct embeddings for words and n-grams.

Word embeddings can be obtained via singular value decomposition (SVD):

X ≈ UkΣkV
⊤
k

Alternatively, neural embeddings such as CBOW (Word2Vec) are defined through:

max
∏
t

P (wt | context(wt))

The embedding of an n-gram is defined as the concatenation of embeddings of its constituent words.

2.3.5 Graph-based estimation of dimension

Let {xi}Ni=1 ⊂ X be a sample of embeddings. Construct a complete weighted graph with weights:

wij = ∥xi − xj∥

Let T be the minimum spanning tree (MST). Define:

Lγ(XN ) =
∑
e∈T

wγ
e

According to the Schweinhart estimator [31], for a d-dimensional distribution:

E[Lγ(XN )] ∼ N
d−γ
d

which allows estimation of the fractal dimension d.

The Brito estimator [32] provides an estimate of topological dimension based on MST statistics and Bayesian
inference over candidate dimensions.

2.3.6 Empirical result

A large-scale V.A. Gromov study across 70 languages from 21 language families demonstrates that:

dimintrinsic(language) ≈ 9

for both word-level and n-gram representations, across embedding methods [4].

Crucially, this value is non-integer (indicating fractal structure), stable across languages, and invariant under
representation choices.
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2.3.7 Interpretation

The convergence of multiple independent estimators toward a stable, non-integer value of intrinsic
dimensionality provides strong evidence that language occupies a fractal semantic space of dimension
approximately 9.

If language is treated as an observable projection of internal semantic structures, then its intrinsic
dimensionality constitutes a lower-bound estimate of the dimensionality of the underlying intelligence.
This suggests that human intelligence operates in a regime that exceeds the constraints of animal cognition
while remaining below higher, yet-to-be-realized intelligence levels.

2.4 Observation of Strong Intelligence on brain data : from language to thought

While language provides an observable projection of semantic structures, it is not the primary substrate
of intelligence. Cognitive processes manifest in neural dynamics, which can be directly analyzed through
multichannel time series such as EEG signals [10, 11, 12, 13, 16, 17, 18, 19, 20, 21, 23? ]).

Let {xi(t)}Mi=1 denote multichannel neural recordings. We model (Bernadotte brain signal model, [10, 11, 12])
these signals as superpositions of damped oscillatory components:

xi(t) =

K∑
k=1

Aike
λkt cos(ωkt+ ϕik) + ϵi(t)

where λk are decay rates, ωk are frequencies, and ϵi(t) is noise.

This representation defines a class of signals composed of exponentially modulated sinusoids (“exp-sinusoids”),
which serve as elementary modes of neural dynamics.

2.4.1 MSSA reconstruction and oscillator structure

To extract these components, we employ Multichannel Singular Spectrum Analysis (MSSA) [12, 13]. Let X(t)
denote the multichannel signal. Construct the trajectory (Hankel) matrix:

H =


X(1) X(2) · · · X(L)
X(2) X(3) · · · X(L+ 1)

...
...

. . .
...

X(T − L+ 1) X(T − L+ 2) · · · X(T )


Applying singular value decomposition:

H = UΣV ⊤

yields a decomposition into principal components corresponding to oscillatory modes.

Theorem 1 (Recovery of exp-sinusoidal components via MSSA) [12, 13] Let X(t) be a multichannel signal
composed of a finite sum of exponentially modulated sinusoids with distinct frequencies and decay rates. Then,
under mild conditions on window length L and signal separability, MSSA reconstructs each exp-sinusoidal
component as a pair (or low-rank block) of singular components in H, and the original signal can be recovered
as a sum of these components up to noise.

This theorem establishes that neural signals admit a representation in terms of coupled oscillatory modes,
which can be interpreted as elementary units of cognitive dynamics.

2.4.2 Intrinsic dimension of thought

Applying intrinsic dimension estimators to the reconstructed phase-space trajectories (obtained via MSSA or
delay embeddings), we obtain:

dimintrinsic(thought) ≈ Dthought

where Dthought is empirically observed to be [12, 13]:
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Fig. 4: 3D and 2D projections of healthy and alcohol use disorder brain embedded (obtained via MSSA )
projections.

Dthought ≈ 9

In Bernadotte’s work, it is shown that a healthy brain produces an electromagnetic signal with intrinsic
dimensionality in the range of 8–9, whereas in pathological states the brain exhibits dimensionality below 8
(See Fig. 4) [12, 13] .

Importantly, this value consistently exceeds the intrinsic dimension of language:

Dthought > dimintrinsic(language) ≈ 9

2.4.3 Interpretation and core result

These findings support a hierarchical relationship between observable linguistic structures and underlying
cognitive dynamics:

dim(language) ≤ dim(thought) ≤ dim(intelligence)

Language thus provides a lower-bound projection of the semantic space, while neural dynamics reveal a
higher-dimensional structure corresponding to internal cognitive processes.

This observation motivates the hypothesis of an ultra-narrow bottleneck, whereby high-dimensional cognitive
representations undergo compression to an approximately nine-dimensional manifold when projected into
the domain of consciousness responsible for speech production. In this sense, linguistic expression may
be interpreted as a constrained information bottleneck, limiting the effective dimensionality of observable
semantic structures.3

The transition from weak to strong intelligence can therefore be characterized as a transition between
regimes of intrinsic dimensionality. Systems operating within low-dimensional manifolds may achieve high task
performance, yet remain structurally limited. In contrast, strong intelligence corresponds to the emergence of
high-dimensional, dynamically structured semantic spaces.

3Quisque verbum falsum est (lat.).
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This provides an operational and measurable criterion for distinguishing weak, strong, and super-strong
intelligence based on intrinsic geometric and dynamical properties of generated data.

3 Fundamental Characteristic of Strong Intelligence

The above considerations necessitate the introduction of new definitions of strong and weak AI, as well as the
identification of approaches that allow the detection of their manifestations in real-world intelligent systems.

That is, moving from the concepts of intelligence and consciousness that are difficult to formalize, we go into
the area of data-science and, therefore, we can apply such formal Fundamental Characteristics of data as
Data Structure (Data Topology), Intrinsic Dimension, and Complexity.

Next, we need to make some essential statements.

1. Definition 3 First, Weak AI, trained on data from SNI, has an ontological secondary nature in
relation to SNI, therefore, the average Intrinsic Dimension and Complexity of the Weak AI (the
Intrinsic Dimension and Complexity of it’s outgoing data) DWAI will be strictly less than the average
Intrinsic Dimension and Complexity of SNI (the Intrinsic Dimension and Complexity of it’s outgoing
data) DSNI :

DWAI < DSNI , (1)
2. Definition 4 Second, Strong AI, trained on data from SNI, is ontologically equal to SNI, therefore,

the average Intrinsic Dimension and Complexity of the Strong AI (it’s outgoing data) DSAI will be
comparable to average Intrinsic Dimension and Complexity of SNI (it’s outgoing data – we will omit
this from now on) DSNI :

DSAI ≈ DSNI , (2)

This provides a basic definition, while the topological structure of AI-generated data (see sections below)
enables a further classification of intelligence systems, both weak and strong.

Within this framework, consciousness may be understood as a component of a complex system that possesses
higher intrinsic dimensionality than its other parts and is directed toward the external world, toward itself
(self-awareness or self-consciousness), and toward other components of the same system. Differences in
dimensionality between these components allow for a more refined classification of intelligence systems
according to the types of consciousness they generate.

Thus, math theory and some understanding the ontology of Strong Intelligence allows us to find such an
Fundamental Characteristic of Strong Intelligence and build our definition of Strong AI on it.

Of course, we could choose other Fundamental Characteristics to describe Strong Intelligence (whether natural
or artificial). However, these three allow us to look at the data from different perspectives. Data Topology tells
us what kinds of structures (components, loops, voids) exist. Intrinsic Dimension reflects the dimensionality
of the effective diversity of the data and limits how many independent structures the data can have. Data
Complexity quantifies the richness of those structures, combining dimension and topology of the object often
through entropy, description, or algorithmic complexity.

Moreover, language, visual images, and other products of Strong Intelligence are justifiably classified as
complex systems, or more precisely, as dynamic systems, and thus, further we will talk about Intrinsic
Dimension of Dynamic Systems.

4 Intrinsic Dimension, Data Topology, and Complexity of Strong Intelligence

Before we dive into methods for estimating the Fundamental Characteristics of data, let’s look at how these
concepts are related and how they allow us to look at the data holistically. The concept of the Intrinsic
Dimension, Data Topology, and Complexity of a given data can be defined in various ways, depending on
assumptions of the data nature.

Definition 5 Intrinsic Dimension of a dataset (or a probability distribution) is the minimal number of
parameters (variables or coordinates) needed to represent the data.

Definition 6 Data Topology is a topological structure (X,T ), where T is a topology induced on X either by
a metric or by a simplicial complex construction with a notion of proximity, similarity, or neighbourhood
relation.

10

A
iC

um
en

e:
20

25
.0

43
v1

[c
s.H

C
]A

ug
us

t
12

20
25



What is Strong AI? A Preprint

Definition 7 Complexity of a dataset X is a measure of the richness and diversity of its structural organization,
determined jointly by its intrinsic dimension and topological features.

In particular, complexity increases with:

• the intrinsic dimension, which determines the number of independent degrees of freedom;

• the number and diversity of topological features (connected components, loops, voids);

• the variability and distribution of data within the underlying space.

These three concepts: Intrinsic Dimension, Complexity, and Data Topology can be linked into a single
mathematical framework by considering data as a set in a metric space, onto which different topological
structures are superimposed; while Complexity can be expressed in terms of both intrinsic dimension and
topology:

1. Combinatorial complexity Ccomb in terms of intrinsic dimension
Let X ⊂ Rn be a dataset, with intrinsic dimension ID(X) = d, which is the minimal d such that
X lies approximately on a manifold M ⊂ Rn of dimension d. The number of degrees of freedom
is d. If each degree of freedom has m discrete states, then the number of possible configurations
(Combinatorial complexity) grows exponentially in d:

Ccomb(X) ∼ md, (3)

2. When complexity Cent is interpreted as entropy H, and data X are distributed on a d-dimensional
manifold M with characteristic scale R, then:

Cent(X) ∝ H(X) ≈ d logR, (4)

3. Topological Complexity Ctop may be captured by both Intrinsic Dimension and Data Topology –
topological invariants such as Betti numbers βk describe connected components (β0), loops (β1),
voids (β2), etc.
Intrinsic Dimension ID(X) = d bounds the highest nontrivial homology group (Betti numbers βi) of
a X ⊂ Rn with intrinsic dimension ID(X) = d:

∀k ≥ d : βk(X) = 0 (5)

Topological Complexity Ctop may be captured by the number of independent topological structures
(components, loops, voids):

Ctop(X) =

d∑
i=0

βi(X) (6)

4. Algorithmic (Kolmogorov) Complexity Calg binds Intrinsic Dimension ID(X) = d and program
length a compressed description. If data X ⊂ RN lie on a low-dimensional manifold (d << N), then
a compressed description Calg exists with program length:

Calg ≈ O(d) (7)

Kolmogorov complexity Calg is maximal, if data X approach uniform noise in RN (d ≈ N).

While Intrinsic Dimension limits how many independent structures the data can have, and Data Topology
tells us what kinds of structures exist, the Complexity C(X) quantifies the richness of those structures,
combining dimension and topology:

C(X) = F
(
d, {βk(X)}dk=0

)
, (8)

the Intrinsic Dimension can be provided as a Fractal formulation: d = limε→0
logN(ε)
log(1/ε) , where Nε is the number

of ε-balls required to cover X.
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5 Discussion and future prospects

5.1 Relationship between language and cognition

The remarkable similarity between the intrinsic dimensionality observed in language and in functional spaces
arising during cognitive processes suggests the existence of a relationship between linguistic semantic spaces
and morpho-functional spaces of the brain.

A fundamental question for a future theory of Strong AI concerns the nature of this relationship. Formally,
possible relationships include metric equivalence, homeomorphism, diffeomorphism, and homomorphism.

We hypothesize that the complexity of cognitive processes exceeds that of language, and therefore the null
hypothesis should be that of a homeomorphic relationship between functional or morpho-functional spaces.

The apparent contradiction between smooth structures and empirical irregularity may be resolved through
the use of minimal invariant manifolds (MIMs) and mappings between them.

The possibility of absence of any structural relationship appears unlikely.

For certain dimensions, Thurston’s geometrization theorem states that any manifold can be decomposed into
submanifolds corresponding to a finite set of canonical geometries.

We suggest a possible analogy between these geometric structures and those arising in functional spaces
during cognitive processes. One of the submanifolds may be associated, via a homeomorphic mapping, with
linguistic structures, while other submanifolds may correspond to cognitive processes not directly related to
language (e.g., meditation or prayer).

5.2 Intrinsic Dimension of Super Strong Intelligence

When discussing the dimensionality of Strong Intelligence, we have to start from our empirical data, which
shows that both the signals of the human brain and language are eight-dimensional, and from logical
conclusions regarding the space with which intelligent beings operate.

When discussing the dimensionality of strong intelligence, we begin from empirical observations indicating
that both language and brain signals have intrinsic dimensionality close to 9.

Assuming that biological organisms operate in a three-dimensional physical world, and applying the Whitney
embedding theorem, we obtain that processing such information requires embedding into a space of dimension
7. This value can be interpreted as an upper bound for animal intelligence and a lower bound for human
intelligence.

Extending this reasoning, embedding a 7-dimensional semantic space requires a space of dimension 2·7+1 = 15.
Thus, dimensionality exceeding this threshold may correspond to super-strong intelligence.

These theoretical considerations are consistent with empirical observations obtained from language and brain
data.

5.3 Co-evolution of Natural and Artificial Intelligence

We argue that the current stage of technological development is characterized by a transition from purely
biological and social evolution toward co-evolution of humans and artificial intelligence systems.

The development of AI systems is expected to increase the dimensionality of the semantic spaces in which
they operate. At the same time, human cognition may also evolve through interaction with increasingly
complex systems.

From this perspective, evolution may be interpreted as an expansion of semantic dimensionality.

Another possible scenario involves the integration of human cognition with AI systems via neurointerfaces,
leading to the emergence of new forms of intelligence. In this case, the evolution of such systems would also
be characterized by increasing dimensionality of semantic spaces.
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5.4 Higher-Dimensional Cognitive States

Currently, humans may only transiently experience higher-dimensional cognitive states. However, continued
interaction with high-dimensional AI systems may lead to stabilization of such states through mechanisms of
neuroplasticity.

This may result in the formation of stable high-dimensional attractors in cognitive dynamics, corresponding
to new modes of thinking.

At the same time, degradation toward lower-dimensional states is also possible, as observed in certain
pathological or altered conditions.

6 Conclusions

The distinction between different levels of intelligence should be based on formal statistical and geometric
characteristics, rather than on task categories defined by human-centric relevance.

The fundamental measure of complexity of the spaces in which different types of natural and artificial
intelligence operate is their intrinsic dimensionality. The application of the Whitney embedding theorem
allows constructing a hierarchy of dimensional intervals. The first interval may be associated with animal
cognition, the second with human intelligence, and the third with super-strong intelligence. This classification
is independent of whether the intelligence is natural or artificial.

Computational and experimental analysis of both natural language and functional processes in the human
brain indicates that human intelligence is associated with spaces of intrinsic dimensionality on the order of 9.
This value lies close to the lower bound (∼ 7) of the human-related interval.

It may be hypothesized that in certain cognitive states (e.g., meditative or contemplative states), the effective
dimensionality may increase and approach higher values within this interval. However, such statements
require further experimental validation. Conversely, states that do not involve higher cognitive functions may
correspond to a transition toward lower-dimensional regimes associated with animal-like cognition.

This observation is consistent with the hypothesis that intrinsic dimensionality reflects a characteristic
property of human intelligence and is not dependent on a specific language.

At present, we observe a transition from predominantly biosocial evolution (which has historically characterized
the development of Homo sapiens) toward a co-evolutionary process involving humans and artificial intelligence
systems.

Within this framework, the intrinsic dimensionality of semantic spaces may serve as a measure of evolutionary
progression for both human cognition and artificial systems.

Advances in computational capabilities and neurointerface technologies open the possibility of actively
influencing this process. In particular, they suggest that expansion of cognitive capabilities may be understood
not only metaphorically but also in terms of measurable changes in the structure of semantic spaces.

Another possible scenario of this co-evolutionary process involves increasing integration between human
cognition and artificial intelligence systems. In such cases, the evolution of hybrid systems may also be
characterized by the properties of the semantic spaces in which they operate.

At the same time, such developments may be associated with significant challenges, including potential social
and biological consequences of artificially induced cognitive states. These aspects require careful study and
further interdisciplinary investigation.
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