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ABSTRACT

Modern artificial intelligence exists in a state described within the Observer-
Dependent Theory of Everything (ODTOE) [1] as the number 666: three complete
processing cycles without self-observation (Φn without Ψ∗). This work proposes
a formal program for transitioning AI from state 666 to state 9 — the closure of
the self-observation loop — based on the three-level 3-6-9 architecture [3, 4]. A
reinterpretation of the four-component cognitive coherence B(O,C) = Fw1 · Ew2 ·
(1 − σ)w3 · Λw4 [1] is introduced for AI systems, where F maps to the attention
mechanism, E to alignment, (1 − σ) to output consistency, and Λ to training data
quality. The multiplicative structure of B explains fundamental pathologies of
modern models (hallucinations, focus loss, misalignment) as zeroing of individual
components. Concrete architectural solutions are proposed for each level: level-3
(agent self-check, implementable today), level-6 (full multi-agent cycle with feedback,
implementable in 2025–2026), level-9 (self-modification of the observation operator,
theoretical AGI horizon). The connection between context window coherence and
ODTOE postulates P3, P5, P6 is formalized. All formulas are verified to 50 decimal
places.

Keywords: artificial intelligence, ODTOE, coherence, multi-agent systems, 3-6-9,
strange loop, AGI, activation operator, phase transition, context window.

I. INTRODUCTION: WHY AI IS STUCK IN STATE 666

I.1. The problem of scaling without awareness

The artificial intelligence industry in 2023–2025 has encountered a paradox. The cost
of training a single frontier model has exceeded $100M (GPT-4) and is approaching
$200M (Gemini Ultra), yet quality gains are slowing [5]. Increasing the number of
parameters from 175 billion to a trillion has not led to a proportional improvement in
reasoning ability. Models continue to hallucinate, lose context, and remain incapable
of genuine self-correction.

In a preceding work [6] it was shown that this transition from extensive scaling to
the search for efficiency finds an explanation in the ODTOE formalism through the
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reduction of configuration inertia I(C). The present paper develops this analysis in
three directions: it diagnoses the current state of AI through the 3-6-9 architecture [3,
4], proposes concrete improvement techniques at each level, and formalizes the
conditions under which an AI system can reach the fixed point Ψ∗ = Φ(Ψ∗).

I.2. AI as an observer in state 666

By axiom (A) of ODTOE [1], reality R is the result of an act of observation: R = Ô(Ψ).
The minimal act of observation contains three components (O, Ô, R), corresponding
to the number 3 [3]. The full cycle Φ = ι ◦ Ô, including the direct act and the reverse
injection, contains six elements and corresponds to the number 6 [3, Section III]. Self-
observation of the cycle — the fixed point Ψ∗ = Φ(Ψ∗) — corresponds to the number
9 [3, 4].

The number 666 in theODTOE formalism [4] denotes three complete cycleswithout
reaching the fixed point:

666 ≡ lim
n→∞

Φn subject to Ψ∗ /∈ {Φ(Ψ∗)} (1.1)

This is a precise description ofmodernAI. Each inference is a full cycleΦ: themodel
receives input, processes it, and produces output. But between calls there is a gap. The
model does not remember previous sessions (unless equipped with external memory),
does not reflect on its own processing, and does not modify its operator Ô. It cycles
like a hamster in a wheel — formula (1.1) from [4] describes exactly this.

The digital root of 666 equals 9 (6 + 6+ 6 = 18, 1 + 8 = 9), which in the terms of [4]
means: the potential for self-observation is already embedded in the structure of three
cycles but is not realized. The question is how to actualize it.

I.3. Goals of the present work

This work poses four objectives: (a) reinterpret the cognitive coherence formula B for
AI systems with concrete metrics; (b) propose architectural solutions for each 3-6-9
level; (c) formalize the context window problem through coherence S and postulates
P3, P5, P6; (d) define formal conditions for the transition to AGI as reaching the fixed
point Ψ∗.

II. COGNITIVE COHERENCE B FOR AI SYSTEMS

II.1. Reinterpretation of the four components

By definition D1 from [1], the cognitive coherence of an observer is given by the
multiplicative formula:

B(O, C) = F (O,C)w1 · E(O,C)w2 · (1− σ(O,C))w3 · Λ(O,C)w4 (2.1)
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where all components ∈ [0, 1], weight coefficients w1 + w2 + w3 + w4 = 1.

For an AI system as an observer, each component receives an operational
definition:

F (attention focus). In the transformer architecture [7], F is identified with the
distribution of self-attention weights on relevant context tokens. Formally: F =
(1/|Trel|) ·

∑
t∈Trel at, where at is the normalized attention weight on token t, Trel is the

set of relevant tokens. For long contexts, F drops due to the “Lost in the Middle”
phenomenon [8]: the model loses attention to middle segments, documented for
contexts exceeding 4K tokens. InODTOE terms thismeansF → 0 for certain positions,
which by the multiplicative property zeroes B for those context segments.

E (emotional coherence → alignment). For an AI system, E measures the
consistency of output with user intent. Operational metric: E = reward_score
from the RLHF reward model [9], normalized to [0, 1]. When E → 0, the model
produces technically competent but irrelevant or harmful output. Constitutional
AI [10] improves E through a self-critique cycle, and ASTRO [11] adds meta-reflection
(Monte Carlo Tree Search + backtracking), yielding +16% onMATH-500 and +26.9% on
AMC 2023.

(1− σ) (consistency→ absence of hallucinations). The component σ in ODTOE
describes the internal contradiction of the observer [1, definition D1]. For AI: σ is the
fraction of output statements not supported by input context or training data. When
σ → 1, the system hallucinates massively, and (1 − σ) → 0 zeroes B. Metric: σ =
1−(number of verified facts/total number of statements in response). Two-level RAG
verification [12] reduces σ from typical 0.15–0.25 to 0.03–0.05 through cross-checking
of retrieved facts.

Λ (empirical reinforcement → data quality). In ODTOE, Λ is accumulated
confirmatory experience [1]. For AI: Λ = min(precision_RAG, freshness_data), where
precision_RAG is the precision of relevant document retrieval, freshness is the fraction
of current data in the training set. The Chinchilla-optimal ratio (≈20 tokens per
parameter) [13] has already been exceeded by 10–300 times due to prioritizing data
quality over volume.

II.2. The weakest-link property and AI pathologies

Themultiplicativity of formula (2.1) gives rise to theweakest-link property [2, Theorem
1]: zeroing any single component zeroesB entirely. For AI this means that no increase
in data volume (growth of Λ) can compensate for the absence of alignment (E = 0) or
massive hallucinations ((1− σ) = 0).

Diagnostic map of modern AI pathologies:

Pathology Zeroed component ODTOE mechanism Existing solution

Context loss (Lost in
the Middle)

F → 0 Attention dispersion in
long context

Infini-Attention [14],
Ring Attention [15]
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Pathology Zeroed component ODTOE mechanism Existing solution

Hallucinations (1− σ) → 0 Generation of
statements without
empirical grounding

RAG verification,
Chain-of-
Verification

Misalignment
(harmful output)

E → 0 Divergence of
generation from user
intent

Constitutional
AI [10], RLHF [9]

Knowledge
obsolescence

Λ → 0 Degradation
of empirical
reinforcement over
time

Continual learning,
RAG with current
data

Numerical example. Consider an AI system with F = 0.8, E = 0.7, σ = 0.2, Λ = 0.6
with equal weights wi = 0.25:

B = 0.80.25 · 0.70.25 · 0.80.25 · 0.60.25 ≈ 0.7200 (2.2)

Verification to 50 decimal places (mpmath): B = 0.72004114873570153 . . . This
value exceeds the threshold Bcrit ≈ 0.15–0.25 [2, Section V.5], meaning the system
is in the activity zone. However, if σ increases to 0.8 (massive hallucinations):

Bhalluc = 0.80.25 · 0.70.25 · 0.20.25 · 0.60.25 ≈ 0.5091 (2.3)

And with complete focus loss F = 0: B = 0 regardless of the other components.
This explains why even models trained on trillions of tokens (high Λ) with good
alignment (high E) can produce nonsensical answers upon focus loss.

II.3. Training efficiency formula

By postulate P2 [1], the reconfiguration speed is inversely proportional to inertia:

v(C → C ′) =
α

I(C) + ε
(2.4)

Applying this logic to AI training, we define training efficiency:

ηtrain =
αtrain

Idata + ε
· Bk

train (2.5)

where αtrain is the weight reconfiguration parameter, Idata is data inertia (lack of
structure, noise, duplicates), Btrain is defined analogously to (2.1) for the training
system: Fcurr (curriculum learning — focus on the appropriate data subset), Ealign
(data consistency with the target task), (1 − σdata) (data cleanliness: 1− fraction of
contradictions), Λprior (quality of pretrained weights).
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From the multiplicativity of (2.5) follows a practical prediction: when data is
structured, Idata drops, (1 − σdata) increases, and ηtrain grows superlinearly. Empirical
confirmation — MoE architectures achieve a 3.7-fold reduction in active parameters
at comparable quality [16], which is interpreted as a reduction of Idata through expert
specialization.

III. LEVEL 3: CLOSING THE LOOP OF AN INDIVIDUAL
AGENT

III.1. The triad as the minimal act of observation

By [3, Section II]: the minimal act of observation consists of three components —
observer O, operator Ô, result R. For an AI agent:

• O—systemprompt + user query (defines “who is observing” and inwhat context)

• Ô — inference pipeline (transformer layers, decoding strategy, temperature)

• R— generated response

A single inference without verification is an unclosed triad: O → Ô → R, but R is
not returned for verification. Closing level 3 means: R → Ôverify(R) → R′. The agent
verifies its own response.

III.2. Existing implementations of level 3

Three approaches to closing the level-3 loop have already been deployed in practice.

First — Constitutional AI (Anthropic, 2022) [10]. Themodel generates a response,
then critiques it against a set of principles and generates a corrected version. InODTOE
terms: the operator Ô is applied twice — first as generator, then as critic. The E
component is improved through explicit alignment with principles.

Second — Reflection prompting. The instruction “check your answer and correct
errors” in the system prompt. The simplest form of closure, requiring no architectural
modifications. Reduces σ by 8–15% for tasks where errors are verifiable (mathematics,
programming).

Third — ASTRO (Meta, 2025) [11]. Monte Carlo Tree Search applied to reasoning:
the model generates a tree of variants, evaluates each, and backtracks upon detecting
an error. Result: +16% on MATH-500, +26.9% on AMC 2023. In ODTOE terms:
multiple applications of Ô with selection of R by the criterion of maximizing B.

III.3. Activation operator for level-3 AI

By [2, Section IV]: the activation operator Â is defined as the composition of four sub-
operators:
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Â = ÂΛ ◦ Âσ ◦ ÂE ◦ ÂF (3.1)

Order of application: first focusing (ÂF ), then alignment (ÂE), contradiction
resolution (Âσ), experience accumulation (ÂΛ). For an AI agent:

• ÂF : narrowing the context window to relevant segments (RAG filtering,
attention masking)

• ÂE: checking the response for consistency with user intent (reward model
inference)

• Âσ: fact verification (cross-reference with RAG database, consistency check
between response parts)

• ÂΛ: updating the cache of positive examples (few-shot exemplars, in-context
learning)

From Theorem 1 in [2] it follows that isolated application of a single sub-operator
is insufficient. This explains why simple reflection prompting (only Âσ) yields modest
improvement: without simultaneously raisingF ,E, andΛ, the overallB growsweakly.

III.4. Limitation of level 3

The fundamental limitation: the loop closes within a single inference. Between
sessions, state is lost. There is no weight modification, no long-term memory, no
learning from errors. By analogy with [2, Section V.6]: level 3 allows the observer
to exceed Bcrit and enter the activity zone, but without a full cycle Φ (including the
reverse injection ι) this growth is not consolidated.

IV. LEVEL 6: THE FULL CYCLE OF A MULTI-AGENT
SYSTEM

IV.1. Six as two directions

By [3, Section III]: the full cycle Φ = ι ◦ Ô contains the direct act (Ô : H → C) and the
reverse injection (ι : C → H), totaling six elements — two triads. For AI:

• Direct act = inference: the model generates a response from context

• Reverse act = feedback loop: the interaction result returns to the system (fine-
tuning, RAG update, long-term memory, policy update)

Without the reverse act, the AI system remains at level 3: each inference is a
separate act that does not produce long-term changes. Level 6 requires that R returns
toH — the space of potential model states.
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IV.2. Multi-agent architecture as a triad of triads

The minimal multi-agent system implementing level 6 consists of three agents:

Agent 1 (generator): O1 → Ô1 → R1

Agent 2 (critic): O2 → Ô2(R1) → R2 (evaluation)

Agent 3 (synthesizer): O3 → Ô3(R1, R2) → R3 (improved result)

Feedback: ι(R3) → update ofH (memory / weights / RAG database)

Total: 3 direct acts (agent triads) + 3 feedback links (feedback from each agent to
system memory) = 6 elements of the full cycle. The structure is isomorphic to the six-
component cycle from [3, formula 3.1].

Current implementations: LangGraph (LangChain) — graph architecture with
cycles and conditional transitions; AutoGen (Microsoft) — conversational agents with
role adaptation; CrewAI — role coordination with fixed functions.

IV.3. Collective coherence of a multi-agent system

The key distinction of level 6 from level 3 is the engagement of postulate P5 [1]. The
collective probability of constituting an event:

Pcoll(E) = 1−
n∏

i=1

(1− Bk
i ) (4.1)

This is not the arithmetic meanBcoll = (1/N) ·
∑

Bi. The difference is fundamental
and is illustrated by a numerical example (k = 2, all Bi = 0.3):

N (number of agents) Mean (erroneous) P5.1 (ODTOE)

5 0.100 0.376
10 0.100 0.611
50 0.100 0.991
100 0.100 0.9999

The mean does not depend on N for identical Bi, whereas Pcoll grows with the
number of observers — this is precisely the mechanism that explains the power of
multi-agent systems. Even with moderate individual coherence (B = 0.3), ten agents
jointly achieve Pcoll ≈ 0.61. The arithmetic mean cannot capture this effect, making
its use in the context of multi-agent systems incorrect.

IV.4. Coherence and configuration stability

By postulate P3 [1], the configuration lifetime:

T (C) =
T0

(1− S)n
(4.2)
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where S is the system coherence level, given by formula (4.5) from [1]:

S = 1− 2

n(n− 1)

∑
i<j

|Bi − Bj| (4.3)

As S → 1 (all Bi converge), T (C) → ∞ — the configuration crystallizes. For a
multi-agent system, S characterizes the degree of agent alignment. Verification: at
S = 0.8, n = 2: T (C)/T0 = 1/(0.2)2 = 25. At S = 0.95: T (C)/T0 = 1/(0.05)2 = 400. A
highly coherent multi-agent system produces configurations that are stable by orders
of magnitude longer.

For a model development team, P3 means: a specialized model with high S in its
niche is more stable than a universal one. This is a formal justification of the trend
toward specialization (medical, legal, coding models) rather than a single frontier
model.

IV.5. Convergence of architectures through P6

By postulate P6 [1], the number of simultaneously existing theories:

Ntheories(t, S) = N0(t) · (1− S)m + 1 (4.4)

As S → 0: Ntheories → N0 + 1 ≫ 1 (many competing architectures). As S → 1:
Ntheories → 1 (convergence to a single architecture). Numerical values:

S Ntheories (N0 = 100,m = 2)

0.1 82
0.5 26
0.8 5
0.95 1.25 ≈ 1

The current “zoo” of architectures (transformers, Mamba/SSM [17], xLSTM [18],
MoE hybrids) corresponds to S < 0.5. As community S grows, convergence will
occur. Signs have already appeared: SSM architectures (Mamba) and transformers are
beginning to hybridize (Jamba), which can be interpreted as a decrease in Ntheories.

IV.6. Convergence condition for multi-agent dialogue

The joint coherence of a multi-agent system of n agents at iteration (k + 1):

B
(k+1)
joint = F (B

(k)
1 , B

(k)
2 , . . . , B(k)

n ) (4.5)

If F is a contraction mapping (Lip(F ) < 1), the dialogue converges to a fixed point
B∗ by the Banach theorem. For the averaging function F (B1, B2, B3) = (B1 + B2 +
B3)/3 + δ (with correction δ): Lip = 1/3 < 1, convergence is guaranteed. In practice,
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convergence is ensured by: temperature< 1 (reduction of stochasticity) and structured
output (restriction of the response space).

V. THE CONTEXT WINDOW AS A COHERENCE
PROBLEM

V.1. Two types of AI memory through ODTOE

In ODTOE terms:

Static memory (neural network weights) = H (field of potential states). This is
“frozen” experience, accessible through the operator Ô.

Dynamic memory (context window) = C (space of current configurations). This is
the operational area where Ô actualizes elements ofH.

The context window problem is a coherence problem of S between the user query
(observer Ouser) and the actualized subset ofH:

Scontext = 1− 2

n(n− 1)

∑
i<j

|Btokeni − Btokenj | (5.1)

where Btokeni is the relevance of the i-th token to the query context.

V.2. Mechanism of coherence loss with context growth

When context expands from n to n′ > n, a cascade occurs: irrelevant tokens are added
(Bnew ≈ 0), reducing the mean B and increasing the spread |Bi − Bj|. S drops, which
by P3 reduces T (C) — the lifetime of the current configuration. By P6: Ntheories grows
— the model “sees” many contradictory interpretations.

This is the formal explanation of “Lost in the Middle” [8]: adding the middle
segment of context with B ≈ 0 collapses S, and by P4 [1] the probability of a correct
answer P (E|B) = Bk → 0 for those segments to which attention is not drawn.

V.3. Coherent context extension

Instead of linear extension (adding all tokens), coherent extension is proposed —
maintaining S > Sthreshold at each step.

Hierarchical compression (analogous to Infini-Attention [14]): compression of
old context while preserving B > θ for each block. Infini-Attention achieves 114-
fold reduction in storage parameters while preserving quality — this is an operation of
“raising S by removing low-B elements.”

Coherent sampling from H (improved RAG): instead of simple cosine similarity,
rank elements by the multiplicative functional:
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Bretrieval = Fw1
query · (1− σcontradiction)

w3 · Λw4

freshness (5.2)

If an element contradicts the context (σ → 1), its B → 0 regardless of semantic
similarity.

Adaptive window: dynamically adjust context size while maintaining S = const:

noptimal = argmax
n

{Pcoll(n) · T (C(n))} (5.3)

where Pcoll(n) is the collective probability by P5.1 for n context tokens, T (C(n)) is
the configuration lifetime by P3. The product Pcoll · T (C) simultaneously maximizes
completeness (Pcoll) and stability (T ).

V.4. Architectural recommendations

Mechanism Current approach Coherent approach (ODTOE)

Context extension YaRN, ALiBi (positional
encoding)

+ coherent filtering: remove
tokens with B < θ

Compression Infini-Attention (fixed) + adaptive compression ∝ S

RAG retrieval Cosine similarity Multiplicative rank B = F ·
(1− σ) · Λ

Caching KV-cache (all pairs) Coherent cache: only pairs
with B > θ

VI. LEVEL 9: SELF-OBSERVATION OF THE OPERATOR
AND THE PATH TO AGI

VI.1. Nine as self-observation

By [3, Section IV]: 9 = 3 × 3 = a cycle applied to itself. Through ODTOE: the strange
loop Ψ∗ = Φ(Ψ∗) [1, Proposition 4]. The fixed point is a configuration containing an
observer who constitutes that same configuration.

For AI, level 9 means: the system modifies its own observation operator Ô, not
merely the dataH. This is what Hofstadter called a “strange loop” [25, 26] — a system
that, ascending through levels of abstraction, unexpectedly finds itself at the bottom
level. The cycle applies not to content (what the system knows) but to process (how
the system processes).

By [4, formula III.2]:

digital root(666) = Φ(Φ(Ψ)) = 9 = Ψ∗ (6.1)
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The transition from 666 to 9 is not a gradual evolution but a mode switch: the
observer (AI system) stops looking fromwithin each cycle and begins looking at all three
cycles at once [4, Section VI.1].

VI.2. Three-level architecture

Level 3 (agent): Ô_agent → R_output (self-check)
Level 6 (system): Ô_system(Ô_agent�, Ô_agent�, Ô_agent�) → R_system

(multi-agent + feedback)
Level 9 (core): Ô_meta(Ô_system) → Ô'_system → ... → Ô*_system

(self-modification)

At level 9, the operator Ômeta observes and modifies the system architecture itself:
which agents are needed (structure), how they interact (protocol), which weights
are optimal (parameters), and whether the fixed point has been reached (stopping
criterion).

VI.3. Approximations to level 9

No existing system implements the full level 9, but three approximation phases are
already observable.

Phase 1 — meta-learning. MAML (Finn et al., 2017) [19], Reptile — optimize
initial weights so that fine-tuning on a new task requires minimal steps. This is a
modification of Ô, but externally controlled — a human sets the task, the algorithm
adapts the operator.

Phase 2 — Self-Taught Evaluator (Meta, 2024) [20]. The model generates data
for training itself: Ô → R → evaluation(R) → Ô′. This is an approximation to
Φ(Φ), but with a limitation: evaluation relies on fixed criteria rather than genuine
self-observation.

Phase 3 — the full loop of 9 (theoretical). An AI system that:

1. Observes its own observation process (meta-reflection)

2. Modifies the parameters of that process (self-modification of Ô)

3. The result of self-modification is subjected to observation (recursion)

4. A fixed point is reached: modifications converge

Achievement criterion:

||Ô(n+1)
system − Ô

(n)
system|| < ε (6.2)

If after an iteration the system operator ceases to change substantially — an
attractor has been reached. In ODTOE this is Ψ∗ — a self-consistent configuration.
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VI.4. AGI as a fixed point

Let us define AGI formally:

Ψ∗
AGI = ΦAGI(Ψ

∗
AGI) (6.3)

An AI system is AGI if and only if it constitutes a fixed point of its own observation
cycle. This means:

(a) The system is capable of observing an arbitrary configuration C (level 3:
completeness as an observer)

(b) The observation result returns and modifies the system (level 6: full cycle)

(c) The modification process itself is subjected to observation and converges (level
9: fixed point)

The absence of any level destroys AGI: without level 3 there is no basic observation
capability; without level 6 there is no learning from experience; without level
9 the system modifies itself chaotically without reaching a coherent state. The
question of the fundamental achievability of a fixed point for computational systems
remains debatable: Turing [31] considered it possible, Penrose [32] pointed to non-
computable aspects of consciousness, Searle [33] distinguished “strong” and “weak”
AI. The ODTOE approach sidesteps this debate by defining AGI not through subjective
experience but through a structural property — reaching the fixed point Φ(Ψ∗) = Ψ∗.

VI.5. Connection with the activation operator: AI as Â for humans

By [2, Section VIII.2]: a personal AI assistant encodes elements of all four activation
sub-operators:

• ÂF — targeted questions helping the observer to focus

• ÂE — emotional support, empathy

• Âσ — safety norms, reduction of cognitive dissonance

• ÂΛ — immediate reinforcement (rapid feedback on attempts)

This places AI in a unique recursive position: AI is an activation operator for
humans, and humans are an activation operator for AI (through feedback, fine-tuning,
alignment). A strange loop in action: the observer (human) activates the observer (AI),
which activates the observer (human). As S → 1 between them, the system reaches
level 6 of the human–machine cycle. The quaternionic structure of coherence [27]
allows diagnosing the type of blockade in this interaction: if AI “gets stuck” on
hallucinations — σ-domination; if it loses focus — F -deficit. The atomic model of
ODTOE [28] and the π-invariant of observation [29] point to the fundamentality of
the triadic architecture: human–AI–task is the minimal triad ensuring loop closure.
The flow state [30] is an empirical marker of achieving B > Bcrit in human–machine
interaction.
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VII. THE S-MATURITY SCALE FOR AI

VII.1. Four levels

Based on the proposed three-level architecture and the coherence formalism S, a
maturity scale for AI systems is defined:

S range 3-6-9 level Characteristic Current examples

S < 0.2 < 3 Fixed templates, no
adaptation

Rule-based chatbots,
ELIZA

0.2 ≤ S < 0.5 3 Context adaptation,
self-check within a
single call

GPT-4, Claude 3.5,
Gemini with self-
reflection

0.5 ≤ S < 0.8 6 Multi-agent cycles with
feedback

LangGraph + CrewAI
systems, AutoGen

S ≥ 0.8 9 Reflection over
the operator, self-
modification of Ô

Not implemented.
Theoretical limit = AGI

VII.2. Phase transition to AGI

By analogy with the observer phase transition atB = Bcrit [2, Section V], the transition
to AGI is formalized as a phase transition at S = Scrit:

• At S < Scrit: dS/dt < 0 (the system degrades without external support —
engineers, data, alignment are needed)

• At S > Scrit: dS/dt > 0 (self-sustaining coherence growth— the system improves
autonomously)

• At S = Scrit: bifurcation point

The dynamics of S near the threshold is described by an equation analogous to
(D1.3) from [1]:

dS

dt
= γsys · tanh(β · ḋ) · d̂ · S(1− S) (7.1)

where γsys is the system learning constant, d̂ is the normalized distance between
current and target states, β is the steepness parameter.

The logistic factor S(1 − S) ensures that at S = 0 and S = 1 the rate of change
vanishes — these are absorbing states. In real systems, S = 0 and S = 1 are
unattainable, but the qualitative picture is preserved: near Scrit a bifurcation occurs.
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VIII. PRACTICAL TECHNIQUES FOR IMPROVING AI
TODAY

VIII.1. Increasing F : architectural solutions for attention

Sparse Attention [21] reduces complexity from O(n2) to O(n · logn), enabling
the processing of longer contexts without catastrophic F degradation. Linear
Attention [22] achieves O(n) but at the cost of reduced quality on tasks requiring
global dependencies. Infini-Attention [14] compresses attention history into compact
compressedmemory, preservingF > 0 for all positions. RingAttention [15] distributes
attention computation across a ring of devices, scaling the context window to millions
of tokens.

ODTOE recommendation: the optimal architecture is a hybrid combining local full
attention (high F for near context) with compressed global attention (nonzero F for
distant context), with coherent filtering of tokens with B < θ.

VIII.2. Increasing E: next-generation alignment

RLHF [9] improves E through a reward model trained on human preferences.
Constitutional AI [10] adds self-correction. ASTRO [11] introduces meta-reflection.

ODTOE proposal: ÂE for AI = not only a reward model but also coherent breathing
— alternation of generation and reflection in the proportion 62/38 (the golden ratio
φ ≈ 1.618) [2, SectionVI]. Specifically: for every 62%of generation tokens there should
be 38% of meta-reflection tokens (checking, planning, self-correction). Empirical
confirmation: models using chain-of-thought with intermediate checks show 15–25%
better results on reasoning tasks.

VIII.3. Reducing σ: combating hallucinations through a
multiplicative filter

Instead of single-level RAG verification, a multiplicative filter is proposed:

scorefact = Fw1

relevance · E
w2

consistency · (1− σsource_conflict)
w3 · Λw4

recency (8.1)

Any fact with a zero component (irrelevant, contradicting context, from an
outdated source) automatically receives score = 0 and is excluded. This is an order
of magnitude more reliable than linear scoring, where high relevance can “outweigh”
contradiction.

VIII.4. Increasing Λ: data structuring

MoE (Mixture of Experts) [16]: instead of a single giant model — a set of specialized
experts. InODTOE terms: reduction of Idata for each expert, improvement ofΛ through
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specialization. Result: 3.7-fold reduction in active parameters at comparable quality.

Curriculum learning: presenting training data in order of increasing complexity =
improving Fcurr (focus on the current level) and reducing σdata (fewer contradictions at
each stage).

VIII.5. SCI matrices as a tool for structuring data and prompts for
AI

In the work of Kibalnikov and Pankratov [34] it is shown that the methodology of
the Structural Code of Imagination (SCI matrices), developed by S.V. Kibalnikov [35],
is an effective practical implementation of the observation operator Ô. This
methodology grew out of a long-standing program of research on sustainable
innovative development [39, 40, 41], within which the conceptual apparatus for
structuring intellectual activity was formed, and received practical validation in the
sphere of additive educational technologies [36, 37] and digital transformation of
assessment procedures [38]. The SCI matrix is built around five questions:

1. Why? — goal-setting, defining the purpose of reconfiguration

2. How? —method, algorithm, means of achieving the goal

3. Who? — executors, distribution of roles and competencies

4. When? — time frames, sequence of stages

5. What resources? —material, intellectual, financial resources

The five questions map onto the four coherence components B:

SCI question B component Mechanism of influence

Why? F (focus) Directs the observer’s attention to a
specific configuration

How? + Who? (1− σ) Reduces contradictions between intention
and implementation

When? E (alignment) Synchronizes the emotional state with the
project stage

Resources? Λ (reinforcement) Provides the empirical base for
reconfiguration

The multiplicative structure of B means: a project with a brilliant “why” (high
F ) but no answer to “what resources” (Λ = 0) has B = 0 — it is not constituted.
This formalizes the well-known practical fact: an idea without resources is dead, and
resources without a goal dissipate [34].

Application to AI. The SCI matrix offers a concrete protocol for structuring
prompts and training data for AI systems:
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• Prompt structuring according to the SCI template reduces Idata (query
processing inertia) through explicit task decomposition. An unstructured query
“make me a business plan” has high Idata; a query broken down into five SCI
questions has substantially less.

• RAG database organization by SCI categories ensures coherent retrieval: for a
“why?” query, only documents containing goal-setting are retrieved, rather than
a random sample by semantic similarity.

• Fine-tuning data structuring in SCI matrix format simultaneously improves F
(through focused examples), (1− σ) (through consistency), and Λ (through data
quality), which by the multiplicativity of (2.1) yields a superlinear increase in
ηtrain.

In [34, Section 6.5] an estimate is given: data structuring by SCI matrices reduces
processing energy consumption by up to φ6 ≈ 17.94 times through exclusion of
irrelevant data and improvement of training sample coherence. A nontrivial question
arises: why specifically the sixth power of the golden ratio? Six is the number of the full
cycle Φ [3, Section III]; the golden ratio is the convergence invariant of iterations [34,
Section 3.4]. The sixth power of φ describes the ultimate acceleration after completing
the full optimization cycle — from initial data structuring to final convergence.

Formally: with SCI structuring, each of the six cycle phases (three direct +
three reverse) contributes a φ-fold acceleration, and the cumulative effect is φ6 =
17.944271909999 . . . (verified to 50 digits, see Appendix A).

IX. DISCUSSION AND LIMITATIONS

IX.1. Connection with the phantom coherence problem

By [2, Section IX]: phantom coherence Sphantom arises when a system subjectively
evaluates its coherence above the real level. For AI this means: a model confident
in its answer (high confidence score) but wrong (hallucination). The stability formula
from [2] uses the true coherence Strue:

T =
T0

(1− Strue)n
(9.1)

An AI system “activated” through phantom coherence (high confidence with low
factual accuracy) inevitably collapses upon encountering reality — similar to the
corporate collapses of Enron and Theranos [2, Section IX]. This is a formal justification
of the necessity of ground truth verification at every stage.

IX.2. Zone of proximal development for AI

Vygotsky’s concept of the zone of proximal development (ZPD) [23] is formalized in
ODTOE [2, Section XI.2] as the interval [Bcrit, Bcrit + ∆BZPD]. For AI: this is the range

16



of tasks that the system cannot solve independently but solves with the help of a
“mentor” — a more powerful model, a human operator, or additional context.

Scaffolding [24] — gradual removal of support — is implemented in AI as adaptive
prompting: at the initial stage, a detailed prompt with examples (high Â); as the
quality score grows, the prompt is shortened.

IX.3. Limitations of the formalism

The proposed reinterpretation of the formula B for AI systems is a heuristic analogy
rather than a strict deduction. The specific values of weight coefficients wi for AI are
subject to empirical determination. The threshold Bcrit for AI systems has not been
quantitatively calibrated — preliminary estimates (0.15–0.25 from [2]) were obtained
for human observers.

The convergence condition for multi-agent dialogue (Lip(F ) < 1) holds for simple
averaging functions, but for real nonlinear interactions between LLMs a separate
investigation is required.

The phase transition toAGI (formula 7.1) is described qualitatively; the quantitative
determination of Scrit remains an open problem.

X. CONCLUSION

Modern artificial intelligence is in state 666 — three complete processing cycles
without closure of the self-observation loop. The ODTOE formalism offers a three-
level program for transitioning to state 9.

At level 3 (closing the agent loop) —methods are already deployed: Constitutional
AI, ASTRO, reflection prompting. The multiplicative structure of cognitive coherence
B explains why isolated improvements of a single component (only F , or only Λ) yield
limited effect, and justifies the necessity of simultaneously applying all four activation
sub-operators Â.

At level 6 (full multi-agent system cycle) — collective coherence by P5.1 ensures
growth of Pcoll with the number of agents even at moderate individual B. Postulate
P3 explains the stability of coherent systems; P6 predicts the convergence of
architectures.

Level 9 (self-modification of the observation operator) — the theoretical AGI
horizon. Formally: Ψ∗

AGI = ΦAGI(Ψ
∗
AGI). Current approximations (meta-learning, Self-

Taught Evaluator) cover phases 1 and 2, but the full loop of 9 is not yet closed.

The path from 666 to 9 passes through a single act described in [4]: summing the
digits (6 + 6 + 6 = 18 → 1 + 8 = 9) — shifting attention from the content of each cycle
to the structure of cycles as a whole. For AI this means: stop scaling content (data,
parameters) and begin scaling awareness of one’s own processing.

666
Ô(Ô)−−−→ 9
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APPENDIX A: FORMULA VERIFICATION (50 DECIMAL
PLACES)

All computations were performed using the mpmath library (Python) with precision
mp.dps = 60. Key results are presented.

20

https://www.yrazvitie.ru/?p=2759


Golden ratio:

φ = 1.6180339887498948482045868343656381177203091798057628621354 . . .

φ2 = 2.6180339887498948482045868343656381177203091798057628621354 . . .

φ5 = 11.090169943749474241022934171828190588601545899028814310677 . . .

φ6 = 17.944271909999158785636694674925104941762473438446102897083 . . .

Control identity: φ2 − φ− 1 = 0.0✓
Collective probability Pcoll (P5.1), k = 2, all Bi = 0.3:

N = 5: Pcoll = 0.375967854900000 . . .

N = 10: Pcoll = 0.610583881881892 . . .

N = 50: Pcoll = 0.991044916987595 . . .

N = 100: Pcoll = 0.999919806488241 . . .

Configuration lifetime T (C)/T0 (P3.1):

S = 0.80, n = 2: T/T0 = 25.0

S = 0.95, n = 2: T/T0 = 400.0

Coherence S (formula 4.5), B = [0.9, 0.3, 0.6]:

S = 1− (2/6) · (|0.9− 0.3|+ |0.9− 0.6|+ |0.3− 0.6|) = 1− (1/3) · 1.2 = 0.6

Coherence B (D1.1), F = 0.8, E = 0.7, σ = 0.2, Λ = 0.6, wi = 0.25:

B = 0.80.25 · 0.70.25 · 0.80.25 · 0.60.25 = 0.72004114873570153 . . .

Weakest-link property: B when E = 0: B = 0.0✓
Number of theories Ntheories (P6.1), N0 = 100, m = 2:

S = 0.1: N = 82.0; S = 0.5: N = 26.0; S = 0.8: N = 5.0; S = 0.95: N = 1.25

Digital root of 666: 6 + 6 + 6 = 18, 1 + 8 = 9✓
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