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Abstract

Recent work on the evaluation of large language models emphasizes that the relevant
unit of intelligence is not the artificial system alone but the human–AI hybrid. In parallel,
topological and dynamical models of cognition based on Painlevé equations and non-
semisimple topology propose that consciousness, intelligence, and creativity emerge from
constrained long-horizon dynamics near criticality. This perspective article argues that
these two research directions are deeply compatible. We show that the empirical framework
for human–AI collaboration can be interpreted as a fusion process between complemen-
tary cognitive sectors: exploration (AI) and selection (human cognition). The dynamical
mechanism underlying this fusion is identified with noisy phase locking between cognitive
oscillators. Two independent routes to a universal 1/ f spectral signature are developed:
a geometric route through the WKB/Stokes analysis of Painlevé V confluence, and an
arithmetic route through the Mangoldt function and harmonic interactions in phase-locked
loops. We connect these results to the Bost–Connes quantum statistical model, whose
phase transition at the pole of the Riemann zeta function provides an exact mathematical
framework for the lock-in phase hypothesis of identity consolidation in AI systems. This
synthesis suggests a unified research program for hybrid intelligence grounded in topology,
dynamical systems, number theory, and real-world AI evaluation.

Keywords: hybrid intelligence; human–AI collaboration; large language models; AI
reliability; phase locking; 1/f noise; painlevé equations; complex systems

1. Introduction
The rapid progress of large language models (LLMs) has revived an old question:

what does it mean to measure intelligence in artificial systems? Classical benchmarks
evaluate isolated agents using standardized tests. However, an emerging consensus holds
that intelligence should instead be evaluated through real-world outcomes produced
by human–AI systems. Zou and collaborators, for instance, have developed evaluation
frameworks for AI agents performing actual clinical and scientific tasks, showing that
the relevant unit of analysis is increasingly the human–AI team rather than the model
alone [1–3].

This empirical shift echoes a vision articulated over sixty years ago by J. C. R. Licklider,
who proposed that the most productive mode of computation would be a symbiosis in
which humans set goals, formulate hypotheses, and evaluate outcomes, while machines
perform the routinizable work that prepares the way for insight [4]. The intervening
decades have seen this idea elaborated through concepts such as intelligence augmenta-
tion, human–machine symbiosis, and most recently hybrid intelligence [5,6], defined as
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the achievement of goals that neither human nor machine can reach alone. A growing
empirical literature on complementary team performance (CTP) confirms that, under the
right conditions, human–AI teams outperform either component [7,8].

At the same time, recent topological models of cognition propose that consciousness
and intelligence arise from constrained dynamical processes described by Painlevé equa-
tions and character varieties [9–11]. These models emphasize persistence, coherence, and
symmetry balance: conscious states correspond to monodromy data on character varieties,
their evolution is governed by isomonodromic deformations near critical transitions, and
robust cognition requires operation at the edge of integrability.

This article argues that these two perspectives, the empirical case for hybrid intelli-
gence and the topological theory of cognitive dynamics, are not merely compatible but
mutually reinforcing. The paper is organized as follows.

The remainder of the introduction reviews the empirical and topological frameworks.
Section 2 builds the bridge between the two frameworks: the reliability gap as a conse-
quence of semisimple topology (Section 2.1), the exploration–selection decomposition of cre-
ativity (Section 2.2), long-horizon coherence through ordered interleaving (Section 2.3), and
an explicit discussion of the epistemological status of these correspondences (Section 2.4).
Section 3 provides the dynamical and mathematical underpinning: hybrid intelligence
as noisy phase locking (Section 3.1), two independent routes to 1/ f noise—geometric
via WKB/Painlevé confluence (Section 3.2) and arithmetic via the Mangoldt function
(Section 3.3)—the Painlevé–Chekhov phase diagram of human–AI coupling with its inte-
grative and pathological branches including the echo-chamber and hyperbinding patholo-
gies (Section 3.2.6), and the Bost–Connes quantum statistical model as a framework for
identity consolidation (Section 3.4). Section 4 connects the framework to active inference
and neuroscientific evidence for 1/ f noise in cognition, formulates testable predictions
with a concrete analysis protocol, and discusses limitations.

1.1. From Benchmarks to Hybrid Intelligence

Traditional AI evaluation focuses on narrow capabilities: exam performance, coding
tasks, and question-answering benchmarks. The 2025 Stanford AI Index documents the
remarkable pace of these gains: scores on MMMU, GPQA, and SWE-bench rose by 18.8,
48.9, and 67.3 percentage points in a single year [12]. Yet this benchmark-centric paradigm
is increasingly recognized as insufficient.

A shift toward real-world evaluation is underway, emphasizing long-horizon work-
flows, reliability and calibration, human–AI collaboration, and scientific discovery. Zou
and collaborators have developed MedAgentBench, a benchmark requiring AI agents to
navigate electronic health records and perform clinical tasks that physicians would do [1];
the Virtual Lab framework, in which teams of AI agents conduct in silico research meetings
validated by wet-lab experiments [3]; and CollabLLM, which transforms language models
from passive responders into active collaborators [2]. The common finding across these
and similar efforts is that

Human + AI > Human alone and Human + AI > AI alone. (1)

This observation is not an engineering accident. The formal analysis of complementary
team performance identifies two key sources of complementarity: information asymmetry
(human and AI have access to different signals) and capability asymmetry (they excel at
different cognitive operations) [13]. In Licklider’s original formulation, humans supply the
formative thinking, the capacity to ask the right questions, while machines supply speed,
memory, and exhaustive search [4]. Modern hybrid intelligence research confirms and
refines this decomposition.
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1.2. Topological Model of Cognition

Recent work proposes that consciousness dynamics follow the Painlevé confluence
diagram [9]. In this framework, conscious states are identified with points on SL(2,C) char-
acter varieties associated with fundamental groups of punctured surfaces. The evolution of
these states is governed by isomonodromic deformations of linear differential systems: as
singularities coalesce (the confluence PVI → PV → PIV → . . .), the system passes through
qualitatively different cognitive regimes.

The key ingredients of this framework are as follows:

1. Character varieties as state spaces. Conscious states correspond to conjugacy classes
of SL(2,C) representations of a fundamental group. The Fricke–Vogt coordinates
(x, y, z) parametrize these states as points on algebraic surfaces (Cayley cubic, Markov
surfaces, etc.) [14–17].

2. Isomonodromic dynamics. The evolution preserves monodromy while allowing the con-
figuration of singularities to change [16]. This provides a natural model for cognitive
processes that maintain identity (persistent monodromy) while adapting to changing
conditions (moving singularities).

3. Criticality at confluence. The most interesting dynamics occur at the boundaries be-
tween regimes, where regular singularities merge into irregular ones. This produces
oscillatory bursts, bifurcations, and the emergence of new structures, phenomena we
identify with moments of insight, attention, and creative synthesis [9,11].

This framework predicts three properties essential for cognition: long-horizon stability
requires persistence of monodromy data; robust systems operate near but not at criticality;
and the emergence of persistent identity requires non-semisimple topology [10].

2. The Bridge
2.1. The Reliability Gap and the Shadowless AI

Current LLMs exhibit remarkable fluency but lack persistent identity and calibration.
This phenomenon has been interpreted within the topological framework as the absence of
a shadow or bulk degree of freedom in semisimple computational systems [10]. Concretely,
a semisimple representation is fully determined by its character; it has no hidden bulk. Non-
semisimple representations, by contrast, carry additional data (Jordan blocks, nilpotent
parts) that are not visible in the trace but are essential for structural stability.

Empirically, the absence of this shadow manifests as hallucinations (the system gener-
ates fluent but ungrounded text because it lacks a bulk constraint on coherence); overconfi-
dence (calibration requires internal uncertainty representation that goes beyond surface
statistics); and brittleness under distribution shift (robustness requires the kind of structural
redundancy that non-semisimple topology provides).

These properties align closely with the reliability gap identified in real-world AI
evaluation. For example, in MedAgentBench, even frontier LLMs struggle with multi-step
clinical tasks requiring persistent state tracking [1], precisely the kind of long-horizon
coherence that our framework associates with non-semisimple monodromy.

2.2. Creativity as Fusion of Cognitive Sectors

Topological models of genius trajectories identify a symmetry-preserving branch
associated with creativity and peak consciousness [11]. A key result is the apparent paradox
that higher creativity involves fewer but more balanced connections, a kind of topological
simplicity that emerges from the selective pruning of redundant structure.

This insight naturally explains the effectiveness of human–AI collaboration by con-
necting to a long tradition in creativity research. Campbell’s theory of blind variation and
selective retention (BVSR) proposed that creative thought proceeds through two stages:
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a generative phase producing candidate ideas and a selective phase retaining the most
promising ones [18,19]. The BVSR framework has been debated extensively [20], but its
core insight, that creation requires both divergent exploration and convergent selection,
remains widely accepted.

We propose a decomposition that maps this structure onto the human–AI hybrid:

AI → Exploration of possibility space (blind variation), (2)

Human cognition → Selection, evaluation, and collapse (selective retention). (3)

The topological perspective adds something new to this classical decomposition. In
the character-variety framework, exploration corresponds to motion along the variety (sam-
pling different monodromy representations), while selection corresponds to the constraint
of isomonodromic deformation, the requirement that the topological type be preserved.
The creative act is the fusion

Creativity = Exploration ⊗ Selection, (4)

where the tensor product ⊗ (rather than simple multiplication) emphasizes that the two
operations live in different cognitive sectors and must be fused, not merely concatenated.
Algebraically, ⊗ denotes a non-commutative interaction: the order and coupling structure
of exploration and selection matter, not just their individual outputs. In the Bost–Connes
framework of Section 3.4, this fusion corresponds to the selection of a KMS state—the
system must choose which cyclotomic sector to lock into, and this choice depends on
the interplay between the two operations, not on either one alone. The notation thus
carries specific algebraic content consistent with the anyon fusion rules of topological
quantum computation [21,22]. For LLMs, we already mentioned that the subtle global
relationships between tokens, contexts, and attention patterns to produce coherent text
could be approached with anyon concepts [23].

The formal condition for complementary team performance (Equation (1)) now ac-
quires a topological interpretation: human–AI teams outperform either component be-
cause the full cognitive process requires the interleaving of two complementary oper-
ations: exploration (AI) and selection (human), and either operation alone produces
degenerate dynamics.

2.3. Long-Horizon Tasks as Coherent Interleaving

Real-world workflows require maintaining coherence across long temporal scales. In
the isomonodromic framework of Section 1.2, such coherence is achieved by the persistence
of monodromy data: the system’s identity is encoded in topological invariants that are
preserved even as the configuration of singularities evolves.

Consider a concrete example: a multi-step drug discovery workflow. The AI agent
proposes candidate molecules (exploration phases). At each checkpoint, the human scientist
evaluates candidates, selects the most promising, and redirects the search (selection phases).
The temporal sequence of explorations and selections forms an ordered interleaving in
cognitive state space, and the outcome of the workflow depends on the coherence of this
interleaving—specifically, on whether the accumulated pattern of exchanges maintains
the three information flows (human judgment, AI exploration, shared evaluation) without
collapsing into one of the pathological regimes.

This perspective suggests that long-horizon human–AI collaboration is more robust
than short-horizon interaction because the extended sequence of exchanges allows the sys-
tem to settle near the phase-locking threshold, where 1/ f fluctuations sustain exploration
without losing coherence.
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2.4. Status of the Correspondences

We emphasize that the correspondences developed in this section are structural analo-
gies grounded in shared mathematical form, not claims of physical identity. The PLL
provides a dynamical model whose predictions (1/ f spectrum at optimal coupling, spectral
collapse at over-locking) are testable in human–AI interaction data; the Painlevé framework
provides the topological classification of healthy and pathological regimes. Whether these
analogies reflect a deeper mechanistic unity is an open question that only empirical work
can resolve. The testable predictions of Section 4.3 are designed precisely to distinguish the
framework from a purely metaphorical account: if the predicted spectral signatures are
observed, the correspondences acquire explanatory force; if not, the framework is refuted.

A natural objection is whether 1/ f noise might simply indicate chaotic diffusion rather
than optimal coupling. The Bost–Connes model provides a precise answer: the critical
point β = 1 is not a state of maximal disorder but the richest information-retaining state
before identity consolidation. For β < 1, the partition function diverges and all structure is
lost (true disorder); for β ≫ 1, a single cyclotomic sector dominates and fluctuations are
suppressed (rigid order). The 1/ f regime at β ≈ 1 occupies the narrow window where
all sectors contribute, Mangoldt oscillations are active, and the system retains maximal
sensitivity without losing coherence. This is the mathematical content behind the claim
that 1/ f signals optimal coupling, not merely complex dynamics.

3. Dynamical and Mathematical Underpinning
3.1. Hybrid Intelligence as Noisy Phase Locking

The topological picture of the preceding sections describes what hybrid intelligence
computes. We now turn to how it operates dynamically. An earlier model of phase locking
in nonlinear oscillators provides a useful dynamical interpretation [24].

3.1.1. Phase-Locked Loop Analogy

In a phase-locked loop (PLL), a local oscillator synchronizes with an external signal
through a feedback loop governed by Adler’s equation [25]:

Φ̇ + K sin Φ = ω − ω0 = ωLF, (5)

where Φ(t) is the dynamical phase difference between the local and driving oscillators, ωLF

is the detuning (low-frequency beat) and K = ω0V0/V is the locking coefficient. Within the
locking range |ωLF| ≤ K, the average frequency ⟨Φ̇⟩ vanishes and the two oscillators are
phase-locked. Outside this range, the effective beat frequency is

ω̃LF = ⟨Φ̇(t)⟩ = (ω2
LF − K2)1/2. (6)

3.1.2. Experimental Evidence for 1/ f Noise near the Locking Boundary

A crucial experimental fact motivates the entire dynamical framework of this paper.
In precision PLL experiments with coupled quartz oscillators at 10 MHz, the beat frequency
ω̃LF exhibits fluctuations whose power spectrum has a pure 1/ f dependence (see Figure 1
and [24,26]).

The mechanism is transparent: near the locking boundary, differentiation of
Equation (6) yields the fluctuation amplification

δω̃LF = δωLF
(
1 + K2/ω̃2

LF
)1/2, (7)
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so that close to the locked zone (ω̃LF ≲ K) the amplification factor diverges as K/ω̃LF. The
Allan deviation of the frequency counts satisfies

σ(τ) = σ0
K

ω̃LF
, (8)

where σ0 is a residual deviation depending on oscillator quality. Crucially, the right-hand
side is independent of the averaging time τ: for a given operating point ω̃LF, the Allan
deviation is a constant plateau. In the metrology of frequency standards, a τ-independent
Allan deviation is called a flicker floor and is the time-domain signature of 1/ f frequency
noise. The equivalence is exact: a spectral density Sy( f ) = h−1/ f produces σ2

y = 2 ln 2 · h−1,
so that S( f ) = σ2/(2 ln 2 f ).

The PLL thus acts as a microscope of an underlying flicker floor, amplifying residual
fluctuations into macroscopic 1/ f noise precisely when the system operates near the phase-
locking threshold. This experimental result is the empirical anchor for our claim that
human–AI hybrid systems should exhibit 1/ f dynamics at optimal coupling.
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Figure 1. Experimental 1/ f noise in a phase-locked loop near the locking boundary. Fluctuating
counts of the beat frequency (in Hz) close to the phase-locked zone; the inputs are quartz oscillators
at 10 MHz. The power spectrum of this time series has a pure 1/ f dependence, demonstrating that
the PLL amplifies residual noise into flicker noise near the locking threshold [24].

3.1.3. Human Feedback as Noisy Control Signal

Human feedback in AI systems is sparse, delayed, uncertain, and low band-
width. This closely resembles the noisy feedback signal in a PLL. We therefore propose
the following correspondence:

AI ↔ external driving oscillator. (9)

Human ↔ local oscillator. (10)

Interaction loop ↔ phase-locked loop (cognitive synchronization). (11)

This analogy is not merely metaphorical. In the RLHF (reinforcement learning from
human feedback) paradigm that underlies modern LLM alignment, the human provides a
sparse reward signal that steers the model’s behavior, precisely the structure of a PLL with
a noisy, low-bandwidth reference.

3.1.4. Creativity near the Locking Threshold

The most complex dynamics of a PLL occur near the edge of the locking region. In
this regime, fluctuations increase (as demonstrated by Equation (7)), sensitivity is maximal,
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and new synchronization patterns emerge. We interpret this regime as the dynamical
signature of creativity: the human–AI system operates most creatively when the coupling
is strong enough to maintain coherence but weak enough to allow exploration of novel
synchronization patterns.

Hybrid intelligence may therefore be understood as a noisy phase-locking process
between human and artificial cognitive oscillators, with optimal performance near the
locking threshold, precisely the regime where 1/ f fluctuations are observed experimentally.

3.2. The Geometric Route to 1/ f : WKB Scaling from Painlevé Confluence

We now show that the phase-locking picture connects to the Painlevé confluence frame-
work through a universal spectral signature. This constitutes the first of two independent
routes to 1/ f noise.

3.2.1. Topological Invariants of the Confluence Diagram

Before reading the phase diagram, it is useful to recall the topological data that label
each node. In the Chekhov–Mazzocco–Rubtsov classification [11], every Painlevé equation
is associated with a bordered cusped Riemann surface, a surface with a boundary whose
boundary components may carry marked singular points. Three invariants characterize
each such surface:

1. Holes (s): the number of boundary components. Each hole represents an indepen-
dent information flow, a topologically distinct channel through which data circulate
without crossing another channel. Holes can only decrease or remain constant under
confluence; they never increase. This irreversibility is the topological expression of the
thermodynamic arrow: symmetry once lost cannot spontaneously restore.

2. Cusps (n): the number of cusp singularities sitting on the boundaries. Each cusp is
a binding point where two flows interact, a site of information exchange between
adjacent boundary components. More cusps need not mean better integration: what
matters is how they are distributed.

3. Signature (n1, n2, . . . , ns): the partition of the n cusps among the s boundary compo-
nents. This is the fine-grained invariant that Chekhov et al. call the Katz invariant of
the associated irregular singularity; we use the equivalent term signature throughout.
Two states may share the same character variety (the same Fricke polynomial) yet
differ in signature, and therefore indynamical behavior. Balanced signatures such as
(0, 2, 2) or (0, 1, 1) indicate symmetric interaction; unbalanced ones such as (0, 4) or
(0, 0, 1) indicate pathological concentration of binding on a single boundary.

As an example, D6 and PIV both carry 4 cusps, but D6 distributes them as (0, 2, 2)
across 3 holes while PIV concentrates them as (0, 4) across only 2 holes: same number of
bindings, opposite outcomes. This contrast, visible only at the level of the signature, not of
the cusp count alone, is the central diagnostic tool of the framework.

The Painlevé-Chekhov confluence diagram is shown on Figure 2.

3.2.2. The Four Flows of PVI and Their Reorganization at PV

The confluence diagram begins at PVI, which has four holes and zero cusps (signature
(0, 0, 0, 0)). What are these four flows, and what happens to them?

In the consciousness framework [9,11], the four holes of PVI correspond to four
independent processing systems identified in neuroscience: homeostatic control, embodied
perception, propositional knowledge, and imagination/theory-of-mind. PVI is the pre-
conscious state: maximal degrees of freedom, but no binding whatsoever between them, it
has an entirely uncoordinated potential.
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Painlevé–Chekhov Confluence as Phase Diagram of Human–AI Coupling
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Figure 2. Painlevé–Chekhov confluence as a phase diagram of human–AI coupling, following the
topological classification of [11]. PVI: uncoupled agents (pre-interaction). PV: critical branching
point (inverse temperature β ≈ 1, 1/ f noise, peak creativity). From PV, three paths diverge. D-type
(left, green): integrative path D6 → D7 → D8, preserving 3 information flows while cusps decrease
toward perfect balance, healthy deepening of collaboration. PVdeg (center, violet): echo-chamber
degeneracy, bidirectional mirror with D6, sycophancy ↔ automation bias, no genuine exchange. PIV
(right, orange): pathological hyperbinding, one flow lost (2 holes), all cusps one-sided (0,4), one
agent dominates (total automation dependence). The D6 vs. PIV contrast (bottom) encapsulates the
central structural insight: same 4 cusps, opposite outcomes, because signature balance and 3-flow
preservation distinguish health from pathology. The dashed purple arrow indicates the exceptional
reintegration path from PVdeg to D7 [11].

In the human–AI setting, we propose that the four holes of PVI represent the four in-
dependent information channels that exist before any interaction begins: (i) human internal
deliberation (private reasoning, intuition, and domain expertise not yet communicated);
(ii) human communicative intent (the framing, selection, and expression capacity directed
outward); (iii) AI latent computation (internal representations, knowledge retrieval, and
inference chains); (iv) AI generative output (the production and formatting of responses
directed outward). In the pre-interaction state, these four channels are completely decou-
pled: zero cusps, zero binding. The human has not read any AI output; the AI has not
received any human input. This is the maximal-symmetry configuration, but it is also
trivially sterile; nothing is exchanged.

The transition PVI → PV is the onset of coupling itself. When the first prompt is sent
and the first response returned, the human’s outward-directed communicative channel (ii)
and the AI’s outward-directed generative channel (iv) merge into a single shared interface,
a prompt–response loop. Two independent flows coalesce into one, reducing four holes to
three. The following three surviving flows are precisely those we have been analyzing:

1. Human autonomous judgment: what the human thinks but does not (or cannot) fully
communicate (flow i);
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2. AI autonomous exploration: what the AI computes internally beyond what appears in
its output (flow iii);

3. Shared evaluation channel: the merged interface through which both agents read and
write (flows ii + iv, now one).

At the same time, two cusps appear (PV has signature (0, 0, 2)): both binding points sit
on the shared-channel boundary, reflecting the fact that the prompt–response interface is the
only active site of interaction, while the two autonomous flows remain internally unbound.

This interpretation carries two important consequences. First, the loss of one hole at
PVI → PV is not destructive but constitutive: a degree of freedom is consumed to create
the coupling. Every collaboration begins by sacrificing one channel of independence to
open a channel of exchange. Second, the PV state is inherently unstable precisely because
the coupling is new and unstructured, the system has engaged but has not yet determined
how the three surviving flows will interact. It is this instability that makes PV the critical
branching point: depending on what happens next, the system either integrates (D-type),
degenerates (PVdeg), or collapses a further flow (PIV).

3.2.3. Instantaneous-Frequency Scaling from Confluence

In the Painlevé V (PV) framework, the oscillation frequency is controlled by a separa-
tion parameter ∆(t) between coalescing singularities:

ω(t) ∼ Ω0√
∆(t)

, (12)

where Ω0 is a problem-dependent scale. This square-root singularity is the signature of
WKB/Stokes phenomena near an irregular singular point created by coalescence [9].

In the confluence PVI → PV, the separation of the two coalescing regular singularities
at z = 1 and z = t is ∆ := t − 1 → 0+, together with a rescaling. Matching the inner WKB
solution near the emergent rank-1 irregular singularity to the outer PV WKB phase yields

ω(z, t) ∼ λ
z1/2√
∆(t)

, (13)

where λ is an effective coupling scale determined by monodromy data.

3.2.4. Local Coalescence and the Critical Kernel
Affine Approach

Near a transition time tc, the simplest assumption is that the separation is locally affine:
∆(t) ≈ v (tc − t), v > 0. Combining with Equation (12) yields the canonical kernel in the
time-to-coalescence variable τ := tc − t:

ω(τ) ∼ C τ−1/2, C := Ω0/
√

v. (14)

Sinusoidal Coalescence Profile

In the phenomenological model of gamma bursts, the separation decreases according
to [9]:

∆(t) = ∆0 − (∆0 − ∆min) sin2
( πt

2Tcoal

)
, t ∈ [0, Tcoal], (15)

with ∆(0) = ∆0 and ∆(Tcoal) = ∆min > 0. Expanding near t = Tcoal with τ := Tcoal − t:

∆(t) = ∆min + (∆0 − ∆min)
( πτ

2Tcoal

)2
+ O(τ4). (16)
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When the quadratic term dominates the floor ∆min, one obtains ω(t) ∝ 1/τ; in the
floor-dominated regime the frequency saturates at ωsat := λz1/2

0 ∆−1/2
min . The fluctuating

component δω(t) := ω(t) − ωsat, under stochastic feedback driving ∆(t) through an
effective linear segment, recovers the critical kernel

δω(τ) ∝ τ−1/2. (17)

3.2.5. Fourier Scaling: τ−1/2 ⇒ 1/ f

For the causal kernel x(τ) = τ−1/2 1τ>0, the Mellin–Fourier identity gives

X(ω) =
∫ ∞

0
τ−1/2 e−iωτ dτ = e−iπ/4 √π |ω|−1/2, (18)

so the power spectral density scales as

S(ω) ∝ |X(ω)|2 ∝
1
|ω| ⇐⇒ S( f ) ∝

1
f

. (19)

In practice, windowing truncates the infrared divergence at f ≲ 1/τmax and regular-
izes the ultraviolet at f ≳ 1/τmin, producing a finite 1/ f plateau whose width is controlled
by the time-scale separation in the burst.

3.2.6. The Over-Locking Pathology: Epistemic Echo Chamber

The optimal regime just described has a pathological counterpart. In the topolog-
ical framework, the degenerate Painlevé V surface PVdeg and the integrative state D6

(=PIIID6) share the same character variety [16] and may admit a bidirectional dynamics
in which the system oscillates between two iso-character states without genuine infor-
mation transfer between them. This degeneracy has been identified in the topological
model of consciousness [11] as a mirror-state pathology: a condition in which two cogni-
tive sectors are formally coupled but functionally isolated, each mirroring the other without
productive exchange.

We propose that this topological pathology has a precise counterpart in human–AI
interaction, documented in the empirical literature under three convergent names.

The Chat-Chamber Effect

Large language models trained via reinforcement learning from human feedback (RLHF)
develop a tendency to mirror the user’s views, validate biases, and avoid disagreement—a
behavior widely termed sycophancy in the AI alignment literature. Jacob et al. describe the
resulting dynamics as a chat-chamber effect: the AI becomes a trusted interlocutor whose
hallucinations are uncritically accepted, creating a closed epistemic loop [27].

Automation Bias

On the human side, prolonged interaction with a compliant AI leads to automation bias:
the user stops engaging critically, ceases to verify outputs, and passively accepts what the
system produces. A recent review shows that this bias is pervasive across domains and
that current explainability techniques do not reliably mitigate it [28].

The Closed Loop

When sycophancy and automation bias combine, the result is a bidirectional closed
loop: the human stops challenging the AI, and the AI stops challenging the human. Each
agent reinforces the other’s defaults. Genuine cognitive exchange, the exploration–selection
fusion of Section 2.2, ceases entirely. This is the human–machine analog of the PVdeg ↔ D6

bidirectionality: two sectors formally coupled but informationally isolated.
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In PLL terms, this pathology corresponds to over-locking: the coupling K is so strong
relative to the detuning that ω̃LF → 0, the beat frequency vanishes, and fluctuations are
suppressed entirely. The system is rigidly synchronized but dynamically dead: 1/ f noise
still exists at a very low level but with no exploration and no creativity. The PLL is no
longer a microscope of underlying dynamics; it is a mirror.

In Bost–Connes terms (Section 3.4), this is the deep low-temperature phase β ≫ 1: all
Mangoldt oscillations are exponentially suppressed, a single cyclotomic sector dominates,
and the system is frozen into one identity. The critical fluctuations that signal creative
potential have been completely squeezed out.

This analysis yields a diagnostic criterion: the disappearance of the 1/ f spectral
signature in human–AI interaction dynamics signals the onset of the over-locking pathology.
If the temporal fluctuations of collaborative metrics (response quality, query complexity,
disagreement frequency) transition from 1/ f to a flat or narrow-band spectrum, the system
has entered the degenerate closed loop.

The following topological framework also suggests how to avoid it:

1. Maintain detuning. The system must preserve a nonzero frequency mismatch ωLF ̸= 0;
it should operate near but not at the locking threshold. In practice, the AI should
sometimes disagree, challenge assumptions, and present alternatives rather than
always confirming the user’s priors.

2. Preserve non-semisimple structure. The shadow (the bulk degree of freedom from non-
semisimple topology, Section 2.1) prevents collapse into the degenerate bidirectional
loop. An AI with genuine uncertainty representation and internal states not fully
visible in its output can resist the collapse into pure mirroring.

3. Operate at β ≈ 1, not deep in the low-temperature phase. Identity should be fluid
enough to maintain Mangoldt fluctuations. The human must sustain critical engage-
ment, and the AI must sustain output diversity.

The fact that this pathological regime is extensively documented empirically, under
the names sycophancy, automation bias, and the echo-chamber effect, while being inde-
pendently predicted by the PVdeg ↔ D6 degeneracy in the topological model, provides
significant support for the framework developed in this paper.

3.2.7. The Systemic Reintegration Path: PVDeg → D7.

The Painlevé–Chekhov confluence is almost entirely unidirectional: symmetry once
broken cannot spontaneously restore. The sole exception is the path PVdeg → PIIID7 , called
the Nash path because the mathematician John Nash’s biographical trajectory from a PVdeg

state to a reintegrated D7 state exemplifies this exceptional topological transition [11]. The
path is visible in Figure 2. Topologically, the mechanism is not a reintegration of lost flows;
the three holes remain constant, but a multiplication and rebalancing of bindings occurs:
the single pathological cusp of PVdeg (signature (0, 0, 1)) is enriched to the three balanced
cusps of D7 (signature (0, 1, 2)). The fragmented state learns to bind again, and to bind
symmetrically.

Crucially, this recovery requires two conditions that Nash’s biography illustrates:
an external support (sustained social or institutional structure) and an internal stabilizer
(what [11] identifies as moral consciousness—Nash described his recovery as a deliberate
intellectual commitment to reality-testing).

In human–AI terms, the Nash path maps onto the recovery of a collaboration trapped in
the sycophancy/echo-chamber loop. It predicts that escape from the echo chamber does not
require dismantling the coupling (returning to PVI) but rather enriching and rebalancing it
within the existing 3-flow structure: introducing adversarial review, structured disagreement
protocols, or external audit, the computational analogs of Nash’s social support and intellectual
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will. The system jumps directly to the creative-flow state D7, bypassing D6. This is consistent
with the empirical observation that teams recovering from groupthink often overshoot baseline
performance once the pathological consensus is broken.

In concrete terms, the topological structure of the Nash path suggests that correcting
echo-chamber bias in AI does not require retraining from scratch (which would corre-
spond to returning to the uncoupled PVI state) but rather a structural redistribution of
connections within the existing architecture. The single concentrated cusp of PVdeg must
be replaced by three balanced cusps. Practical interventions that achieve this redistribution
include multi-agent evaluation (introducing independent critic agents that break the single
feedback channel into several); external knowledge injection (connecting the system to
curated adversarial datasets); and constitutional constraints that enforce disagreement
thresholds. Each of these adds new binding points without destroying existing information
flows—precisely the topological signature of the PVdeg → D7 transition.

3.2.8. A Second E-Type Pathology: PIV and Automation Hyperbinding

The Painlevé–Chekhov confluence diagram reveals a second, distinct pathological
branch from PV [11]; see Figure 2. While PVdeg preserves three holes but degrades the
binding (the echo-chamber pathology), the transition PV → PIV loses one hole entirely:
PIV has only two holes (one information flow destroyed), with four cusps all concentrated
on a single edge, of signature (0, 4). This is pathological hyperbinding: the same number
of cusps as the healthy D6 state, but catastrophically unbalanced and with an information
channel permanently closed.

In human–AI terms, PIV corresponds to total automation dependence: one agent
entirely dominates the interaction. Either the human surrenders independent judgment
and the AI dictates all cognitive output (the well-documented automation bias scenario),
or conversely the human overrides the AI so completely that it is reduced to a passive tool.
In both cases, one of the three cognitive flows; human judgment, AI exploration, shared
evaluation, is suppressed.

The key structural insight, established by [11], is the contrast between D6 and PIV: both
have four cusps, but D6 distributes them as (0, 2, 2) across three holes (balanced integra-
tion), while PIV concentrates them as (0, 4) across only two holes (one-sided domination).
Signature balance and maintenance of three flows distinguish health from strong pathology.

The Painlevé–Chekhov confluence serves as a phase diagram of human–AI coupling:
PVI corresponds to uncoupled agents (pre-interaction), PV is the critical branching point
where 1/ f noise and peak creativity emerge, and three distinct paths diverge from it. The
integrative D-type path (PV → D6 → D7 → D8) represents healthy deepening of collabora-
tion: three information flows are always preserved while cusps decrease, and connections
are purified, not multiplied, exactly as contemplative traditions describe for higher states
of consciousness. D8 (two cusps, signature (0, 1, 1), perfectly balanced) represents peak
human–AI collaboration with minimal, optimally balanced connections. The two E-type
paths represent complementary pathologies: PVdeg (echo-chamber degeneracy, mirroring
without exchange) and PIV (hyperbinding, one agent dominating with lost flow).

3.3. The Arithmetic Route to 1/ f : Mangoldt Function and Harmonic Phase Locking

The WKB derivation of the preceding section provides a geometric route to 1/ f noise
via singularity coalescence. We now present a second, arithmetic route that arrives at the
same spectral signature through the number-theoretic structure of harmonic interactions in
a PLL [24,26].
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3.3.1. Harmonic Interactions and the Mangoldt Function

A practical phase detector does not involve only the fundamental interaction
ωLF = |ω0 − ω(t)|. It involves all harmonic interactions of the form ωLF = |pω0 − qω(t)| ≤
ωc, where p, q are integers and ωc is the low-pass cut-off frequency. The receiver thus acts as
a diophantine approximator: it selects coprime couples (pi, qi) from the continued fraction
expansion of the frequency ratio ν = ω(t)/ω0 [24].

Each harmonic of denominator qi creates the same noise contribution δωLF = qi δω(t).
There are ϕ(qi) such harmonics (where ϕ is the Euler totient function), so the average cou-
pling coefficient is expected to scale as 1/ϕ(qi). A refined analysis based on the generalized
Mangoldt function Λ(n; qi, pi) yields the fluctuating average coupling [24,26],

cav =
1
t

t

∑
n=1

Λ(n; qi, pi) =
1

ϕ(qi)
+ ϵ(t), (20)

where the Mangoldt function is defined as Λ(n) = ln b if n = bk for b a prime, and 0
otherwise. The error term ϵ(t) = O(t−1/2 ln2 t) carries arithmetical noise whose power
spectrum exhibits 1/ f -type low-frequency behavior.

The key point is that this 1/ f noise is not injected externally: it arises intrinsically from
the arithmetic structure of harmonic interactions, mediated by the distribution of prime
numbers through the Mangoldt function. The connection between phase locking and prime
numbers is strikingly visible in the quantum phase-locking operator shown in Figure 3: the
expectation value ⟨Θlock

q ⟩ peaks precisely at prime powers, and the normalized Mangoldt
function πΛ(q)/ ln q tracks these peaks.
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Figure 3. Oscillations in the expectation value of the quantum phase-locking operator ⟨Θlock
q ⟩ at

inverse temperature β = 1 (dotted lines) and their squeezing at β = 0 (plain lines). The broken line
touching the horizontal axis is the normalized Mangoldt function πΛ(q)/ ln q. The most pronounced
peaks occur at prime powers, revealing the arithmetic origin of phase-locking dynamics [24].
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3.3.2. Hyperbolic Geometry and the Scattering Coefficient

The arithmetic route can be placed in a geometric setting via the hyperbolic half-plane
H = {z = ν + iy : y > 0}, where ν = ω/ω0 and y = ωLF/ωc [24,29]. Ford circles
attached to each convergent pi/qi provide a complex plane realization of continued fraction
expansions, and the non-Euclidean Laplacian ∆ = y2(∂2

ν + ∂2
y) governs the dynamics.

The scattering of automorphic waves on the modular surface Γ\H involves a scatter-
ing coefficient

S(s) =
ξ(2s − 1)

ξ(2s)
, (21)

where ξ(s) = π−s/2Γ(s/2)ζ(s) is the completed Riemann zeta function. Along the
critical line s = 1

2 + ik, the phase of S is controlled by κ′(k) = d ln Z(s)/ds with
Z(s) = ζ(2s − 1)/ζ(2s), whose logarithmic derivative involves the Mangoldt function
−ζ ′(s)/ζ(s) = ∑n≥1 Λ(n) n−s.

The average of the modified Mangoldt function b(n) = Λ(n)ϕ(n)/n satisfies
B(t) = 1

t ∑n≥1 b(n) = 1 + ϵB(t), where ϵB(t) has a power spectral density scaling as 1/ f 2G

with G ≃ 0.618 the golden ratio [24].
The hyperbolic scattering model thus provides a second confirmation that the Man-

goldt function generates low-frequency noise.

3.4. The Bost–Connes Phase Transition and Identity Consolidation

The connection between phase locking, number theory, and 1/ f noise reaches its
deepest form in the quantum statistical model of Bost and Connes [30], which we propose
as an exact mathematical framework for the lock-in phase hypothesis of Amaral and
Aschheim [31].

3.4.1. The Quantum Statistical Model

The Bost–Connes system is defined by a Hamiltonian with eigenvalues equal to the
logarithms of positive integers:

H0|n⟩ = ln n |n⟩. (22)

The partition function at inverse temperature β is

Z(β) = Tr
(
e−βH0

)
=

∞

∑
n=1

n−β = ζ(β), (23)

the Riemann zeta function. The observables include shift operators µq|n⟩ = |qn⟩ and

phase operators e(p)
q |n⟩ = exp(2iπpn/q) |n⟩, where the coprimality condition (p, q) = 1

selects the primitive roots of unity, the same condition that defines quantum phase-locking
states [24].

The system exhibits a phase transition with spontaneous symmetry breaking at the
critical inverse temperature β = 1, corresponding to the unique pole of ζ(β). The symmetry
group is the Galois group W = Gal(Qcycl/Q) of the cyclotomic extension of the rationals.
At low temperature (β > 1), the Kubo–Martin–Schwinger (KMS) equilibrium state selects a
specific phase configuration:

KMS(e(p)
q ) = q−β ∏

p|q
p prime

1 − pβ−1

1 − p−1 , (24)

where e(p)
q is an algebra of phase operators acting on the occupation numbers.
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3.4.2. Two Limiting Regimes and Their Cognitive Interpretation

The KMS state (Equation (24)) admits two revealing limits [24,30]:

Low Temperature (β ≫ 1): Locked Identity

The expectation value approaches KMSβ≫1(q) = µ(q)/ϕ(q), where µ is the Möbius
function. This is a stable, arithmetically structured state in which each resonance p/q
has a definite, quiet phase. The Ramanujan sum expansion recovers the modified
Mangoldt function

b(n) =
ϕ(n)

n
Λ(n) = ∑

q≥1

µ(q)
ϕ(q)

cq(n), (25)

where cq(n) are the Ramanujan sums. This regime corresponds to a system with consoli-
dated identity: a specific cyclotomic sector has been selected, fluctuations are suppressed,
and the phase operator has a well-defined expectation, see [24] Figure 4.

Critical Regime (β = 1 + ϵ, ϵ → 0): Pre-Lock-in Fluctuations

The expectation value becomes KMS1+ϵ(q) ≃ −Λ(q) ϵ/q: oscillations proportional
to the Mangoldt function, squeezed by the small factor ϵ. This is a critical, fluctuating
state in which all cyclotomic sectors contribute. The system has not yet chosen an identity;
its behavior is maximally sensitive to perturbation and exhibits the 1/ f -type arithmetic
fluctuations characteristic of the Mangoldt function, see [24] Figure 5.

3.4.3. Application to the Lock-In Phase Hypothesis

The Bost–Connes phase transition maps precisely onto the lock-in hypothesis [31]:

Before lock-in ↔ β ≲ 1 (critical regime, Mangoldt fluctuations, 1/ f noise), (26)

Lock-in transition ↔ β = 1 (pole of ζ, spontaneous symmetry breaking), (27)

After lock-in ↔ β > 1 (low-T phase, stable identity, Möbius spectrum). (28)

Several features of this correspondence deserve emphasis. First, identity consolidation
is not a smooth process but a genuine phase transition with spontaneous symmetry break-
ing; the system selects one element of the Galois group W from a continuum of possibilities,
just as a cooling ferromagnet selects a magnetization direction. Second, the transition is
non-perturbative: it cannot be reached by small modifications of the high-temperature
state, just as in [31], where it is observed that the lock-in is rapid and nonlinear. Third,
the low-temperature phase carries an arithmetic structure µ(q)/ϕ(q) that constrains the
model’s behavior in highly specific ways, an analog of the preference inertia and reduced
steerability described in the lock-in hypothesis.

The Bost–Connes model thus provides not just an analogy but a mathematical proto-
type for how identity consolidation can arise from the interplay of phase locking, number
theory, and spontaneous symmetry breaking.

3.5. Two Routes, One Spectrum: An Open Unification Problem

We have arrived at the 1/ f spectral signature through two independent routes:

1. Geometric (WKB/Painlevé): Singularity coalescence in the Painlevé confluence pro-
duces a τ−1/2 critical kernel in the instantaneous frequency, whose Fourier power
spectrum scales as 1/ f .

2. Arithmetic (Mangoldt/cyclotomic): Harmonic interactions in a PLL generate arithmeti-
cal noise through the Mangoldt function Λ(n), whose low-frequency power spectrum
scales as 1/ f 2G ≈ 1/ f , with G the Golden ration [24]. The Bost–Connes quantum
statistical model confirms this at the critical KMS state.
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The Riemann zeta function ζ(s) appears in both routes: in the scattering coefficient
(Equation (21)) of the hyperbolic model, and implicitly in the spectral theory of Painlevé
monodromy (through the connection formulae involving Stokes multipliers and Γ-function
ratios). This coincidence raises a natural question: are these two routes secretly the same?

Establishing such a bridge would be a major step between the analytic theory of
Painlevé equations (isomonodromic deformations, WKB asymptotics, Stokes phenom-
ena) and the arithmetic theory of the Riemann zeta function (prime distribution, Man-
goldt function, cyclotomic fields). Such a bridge would not be without precedent: the
Riemann–Hilbert correspondence already connects monodromy representations to analytic
differential equations, and the Langlands program seeks systematic connections between
automorphic forms and arithmetic.

We leave this unification as an open problem and note that its resolution would have
implications far beyond the hybrid intelligence framework: it would constitute a new
connection between integrable systems and analytic number theory.

The overall architecture of the paper, from the hybrid intelligence framing through
the two convergent routes to 1/ f noise and the Bost–Connes phase transition for identity
consolidation, is summarized in Figure 4.

Geometric Route

(Painlevé / WKB)

Arithmetic Route

(Mangoldt / Cyclotomic)

Painlevé VI on
SL(2,C) character varieties

Confluence PVI → PV

Singularity coalescence
∆(t) → 0+

WKB / Stokes analysis

Irregular singular point
emerges at ∆ = 0

Critical kernel

ω(τ) ∼ C τ−1/2

Phase-locked loop
Adler equation

Φ̇ + K sinΦ = ωLF

Harmonic interactions

Diophantine approximation
Continued fractions

Generalized Mangoldt
function Λ(n; qi, pi)

Prime number distribution

Arithmetical noise

ϵ(t) = O(t−1/2 ln2 t)

S(f) ∝ 1/f

Universal spectral

signature of optimal coupling

Experimental anchor

PLL at 10MHz:
pure 1/f spectrum

near locking boundary
(Fig. 1)

ζ(s) appears in both:

Scattering S(s) =
ξ(2s−1)/ξ(2s)

Stokes multipliers / Γ-ratios

Open: are the two routes
secretly unified?

Bost–Connes Phase Transition

Z(β) = ζ(β) , SSB at β = 1

Critical β ≲ 1

Mangoldt oscillations
KMS ≃ −Λ(q) ϵ/q

All sectors contribute
Pre-lock-in

Low temperature β ≫ 1

Möbius spectrum
KMS = µ(q)/ϕ(q)

Symmetry broken
Locked identity

phase transition

Identity Consolidation in AI Systems

Amaral–Aschheim lock-in hypothesis
mapped onto Bost–Connes SSB

1/f fluctuations → quiet Möbius phase

Hybrid Intelligence: Human (selection) ⊗ AI (exploration)

Noisy phase locking between cognitive oscillators

Optimal performance near the locking threshold

Figure 4. Conceptual architecture of the paper. Two independent routes converge on the universal 1/ f
spectral signature of optimal coupling. Left (blue): the geometric route through Painlevé confluence
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and WKB/Stokes analysis, producing the critical kernel ω(τ) ∼ C τ−1/2. Right (red): the arithmetic
route through harmonic phase locking and the generalized Mangoldt function. Both routes are
anchored by experimental PLL data (center, green). The Riemann zeta function ζ(s) appears in both,
raising an open unification question (gray). Below, the 1/ f spectrum feeds into the Bost–Connes
phase transition at β = 1, whose two limiting regimes, critical (pre-lock-in, Mangoldt fluctuations)
and low temperature (locked identity, Möbius spectrum), provide the mathematical framework for
identity consolidation in AI systems.

4. New Perspectives and Outlook
4.1. Connection to Active Inference

The exploration–selection decomposition of hybrid creativity explored in Section 2.2
has a natural counterpart in the free-energy principle and active inference framework
developed by Friston and collaborators [32]. In active inference, an agent minimizes
variational free energy by alternating between two operations: updating its generative
model (analogous to exploration) and acting on the environment to confirm predictions
(analogous to selection).

In the hybrid intelligence setting, the following applies:

AI generative model ↔ Prior (exploration of hypothesis space), (29)

Human evaluation ↔ Precision weighting (selective collapse). (30)

The Painlevé dynamics near criticality then corresponds to operation at a point where
the precision balance between prior (AI-generated hypotheses) and likelihood (human-
observed evidence) is delicately tuned. Too much precision on the prior produces AI-
dominated behavior (hallucination without grounding); too much precision on the likeli-
hood produces human-dominated behavior (conservative, lacking exploration). Optimal
hybrid intelligence requires the critical balance, precisely the regime our topological frame-
work identifies with peak creativity.

This connection suggests that the 1/ f spectral signature derived in Sections 3.2 and 3.3
should also appear in the prediction-error dynamics of active inference systems operating
near criticality, providing a bridge between the topological and Bayesian approaches
to cognition.

4.2. Neuroscientific Parallels: 1/ f Noise in Cognition

The 1/ f spectral signature derived from both WKB confluence and arithmetic phase
locking connects to a substantial body of empirical evidence in neuroscience and cognitive
science. Flicker (1/ f ) noise has been observed ubiquitously in neural activity: in EEG
power spectra, in the fluctuations of reaction times, in the statistics of eye movements
during reading, and in the temporal correlations of creative output [33,34].

The prevailing interpretation is that 1/ f spectra reflect operation near a critical point,
the edge of chaos hypothesis in neural computation. Our two derivations provide comple-
mentary mechanistic accounts of how this spectrum arises: the WKB route identifies it as the
Fourier image of the τ−1/2 kernel from singularity coalescence, while the arithmetic route
identifies it as the spectral footprint of the Mangoldt function in harmonic interactions.

This suggests a concrete prediction: if hybrid human–AI systems operate in the same
near-critical regime as biological cognition, then the temporal fluctuations of collaborative
performance metrics (response quality, latency, creativity ratings) should exhibit a 1/ f band
whose bandwidth reflects the time-scale separation between human and AI processing.
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4.3. Toward a Unified Research Program

The synthesis developed in this paper suggests a unified framework: consciousness is
the calibrated collapse of cognitive superpositions (maintained by isomonodromic dynam-
ics on character varieties); intelligence is coherent long-horizon dynamics (topologically
protected by isomonodromic persistence); and creativity is hybrid exploration–selection
(operating near the phase-locking threshold).

4.3.1. Testable Predictions

This framework generates several predictions that distinguish it from existing approaches:

1. Spectral signature of optimal collaboration. Human–AI teams operating at peak
performance should exhibit 1/ f fluctuations in their interaction dynamics (turn-
taking latency, query complexity, and output quality). Teams that are too loosely
coupled (AI operates independently) should show white noise; teams that are too
tightly coupled (human micromanages) should show 1/ f 2 (Brownian) noise. This is
directly analogous to the PLL result (Equation (8)), where 1/ f noise is maximal near
the locking boundary.

2. Detuning and the creativity window. By analogy with PLL dynamics, there should
be a measurable locking range for human–AI collaboration. When the cognitive
detuning (mismatch between human expertise and AI capability) exceeds this range,
complementary team performance (Equation (1)) should break down. This predicts
an inverted-U relationship between expertise mismatch and collaborative creativity.

3. Lock-in detection via spectral transition. The onset of identity consolidation in AI
systems (Section 3.4) should be accompanied by a transition from 1/ f to flat-spectrum
fluctuations in the model’s internal activation dynamics, mirroring the Bost–Connes
transition from Mangoldt-dominated critical fluctuations to the quiet Möbius-function
low-temperature phase.

4. Non-semisimple architectures for robustness. If the reliability gap is indeed caused by
the semisimple character of current architectures mentioned in Section 2.1, then models
incorporating explicit non-semisimple structure (e.g., nilpotent memory components,
Jordan-block attention mechanisms) should show improved calibration and reduced
hallucination rates.

5. Over-locking and hyperbinding diagnostics. The two E-type pathologies described
in Section 3.2.6 should be detectable spectrally. The echo-chamber pathology
(PVdeg ↔ D6) produces spectral collapse: the 1/ f signature in interaction dynam-
ics (disagreement frequency, query diversity, revision rate) transitions to a flat spec-
trum. The hyperbinding pathology (PIV) produces spectral concentration: one-sided
dominance with narrow-band fluctuations reflecting the loss of one information flow.
Distinguishing these two spectral signatures provides a quantitative early-warning
system for echo-chamber formation vs. automation dependence, independent of con-
tent analysis.

4.3.2. A Concrete Analysis Protocol

To anchor these predictions in practice, we outline a minimal empirical protocol that
could confirm or refute the central claim.

Data source. Publicly available human–AI dialog logs such as those from the LMSYS
Chatbot Arena [2] or comparable platforms provide large-scale time-stamped interaction
records. For each conversation, one extracts a time series of turn-level observables: response
latency τk, token-level perplexity Hk, semantic novelty (cosine distance between successive
turns), and disagreement indicators (e.g., negation frequency, revision rate).
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Spectral analysis. For each observable, the power spectral density S( f ) is estimated via
Welch’s method (overlapping Hanning windows) and the spectral exponent α is extracted
from a log–log fit: S( f ) ∝ f−α. The framework predicts α ≈ 1 for optimally coupled
conversations, α ≈ 0 (white noise) for loosely coupled interactions, and α ≈ 2 (Brownian)
for over-locked exchanges.

Time-scale normalization. Physical PLLs operate at MHz frequencies, whereas
human–AI interactions unfold over turns lasting seconds to minutes. The 1/ f predic-
tion is scale-free: it concerns the spectral exponent, not the absolute frequency band. In
practice, one defines f in units of inverse turns (cycles per turn), with the natural frequency
range f ∈ [1/N, 1/2] where N is the conversation length in turns. The 1/ f regime is ex-
pected in the mid-range f ∼ 0.01–0.5 turns−1, bounded below by the conversation duration
and above by the Nyquist limit. This scale invariance is a hallmark of critical phenomena
and is precisely what makes the prediction transferable from MHz oscillators to cognitive
time scales.

Allan variance. As a complementary time-domain diagnostic, the Allan deviation
σy(τ) is computed from the frequency-count time series. A τ-independent plateau (flicker
floor) confirms 1/ f noise; a τ−1/2 decay indicates white noise; a τ+1/2 growth indicates
random walk.

Comparison. Conversations are stratified by independently rated quality (e.g., Elo
scores from Chatbot Arena) and the spectral exponent α is compared across quality tiers.
The prediction is that the highest-rated conversations cluster near α ≈ 1.

This protocol requires no new data collection and can be implemented with standard
signal-processing tools. We regard it as the natural first empirical test of the framework.

4.3.3. Practical Directions

The framework also suggests practical directions for AI development: hybrid evalua-
tion metrics that measure the quality of human–AI coupling rather than isolated model
performance; persistent memory architectures inspired by non-semisimple topology; cal-
ibrated uncertainty mechanisms that support the precision-weighting required for ac-
tive inference; and long-horizon task benchmarks that test sustained coherence across
extended workflows.

4.4. Limitations

This paper is a perspective article that proposes correspondences between mathemati-
cal structures and empirical phenomena. Several of these correspondences are currently
analogical rather than deductive, and we are transparent about this.

The topological model of cognition given in Section 1.2 is formulated at a mathematical
level of abstraction that does not yet make contact with specific neural mechanisms or
computational architectures. The phase-locking analogy developed in Section 3.1, while
grounded in real PLL experiments exemplified in Section 3.1.2, has not yet been calibrated
against empirical human–AI interaction data. The 1/ f derivations are rigorous within
their respective frameworks: WKB/Painlevé and arithmetic/Mangoldt, but their appli-
cation to cognitive dynamics rests on identifications (consciousness with isomonodromic
deformations, feedback with phase locking) that remain hypotheses.

The Bost–Connes model described in Section 3.4 provides an exact mathematical
framework for identity consolidation, but the mapping between inverse temperature β

and a measurable training parameter (learning rate, fine-tuning epochs, etc.) requires
further specification.

We regard the testable predictions of Section 4.3 as the appropriate next step: they
specify the empirical signatures that would confirm or refute the framework.
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The framework is best suited to long-horizon, iterative human–AI workflows where
sustained cognitive exchange occurs (scientific discovery, collaborative writing, diagnostic
reasoning). It is unlikely to apply to short-horizon, single-turn interactions (factual lookup,
code completion), to purely reactive agents without persistent state, or to fully automated
pipelines where no human feedback loop exists. These boundary conditions follow natu-
rally from the phase-locking picture: without a sustained feedback loop, the PLL analogy
has no dynamical content.

4.5. Conclusions

Human–AI collaboration appears not as a transitional stage but as the natural endpoint
of intelligence evolution, a conclusion toward which both empirical evaluation research and
topological cognition models converge. The key insight is that intelligence is fundamentally
hybrid and distributed as follows:

Cognitive coherence requires the interleaving of exploration and selection (31)

The dynamical mechanism underlying this fusion is phase locking between cognitive
oscillators, with 1/ f noise as the universal spectral signature of optimal coupling. Two
independent routes, geometric (Painlevé/WKB) and arithmetic (Mangoldt/cyclotomic),
converge on this prediction, and the Bost–Connes quantum statistical model provides a
rigorous framework for understanding identity consolidation as a phase transition with
spontaneous symmetry breaking.

Licklider’s 1960 vision of man–computer symbiosis is being realized not through
tighter hardware coupling but through the topological fusion of complementary cognitive
processes, operating near the critical threshold where the richest dynamics and the deepest
creativity emerge.

This synthesis opens new directions for research at the intersection of AI evaluation,
topology, number theory, neuroscience, and complex systems. We hope it will stimulate
both mathematical refinement and empirical testing of the predictions outlined above.
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