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Abstract 

Background: Hierarchical information-processing systems across multiple scales are known to organise 

internal representations using hyperbolic geometry. The origin of this convergence has remained 

unexplained, with prior accounts treating it as an emergent property of each system independently. 

Methods: Project REKHA is a systematic empirical investigation measuring H⁷ hyperbolic geometry 

across four physically independent substrates: (1) SWARAJ (Sovereign Workflow Assistant for 

Reasoning & Judgement), a custom 60-layer transformer trained on consumer hardware (4 runs, 1,000 

training steps each); (2) the human brain, measured via principal gradients of functional connectivity 

(HCP (~1,200 subjects, Schaefer 400-parcel atlas [1]) for depth-profile correlations; multi-consortium 

developmental datasets (~33,250 subjects, 132 sites) for H11 milestone analysis); (3) the large-scale 

cosmic web (THESAN simulation, DisPerSE filament extraction [2]); and (4) the cosmic microwave 

background (CMB, Planck data). We apply a seven-dimensional hyperbolic manifold framework — 

measured in neural networks via ATLAS (Activation Tracking & Layer Analysis System) and 

characterised across brain, cosmic web, and CMB substrates via independent depth-profile and RSA 

methods, report eight derived equations (Equations 1–7 primary; Equation 8 Phase 30 partial 

confirmation), and execute 216+ formal null tests across all phases. 

Results: All four substrates share H⁷ geometry. Cross-substrate correlations are NN–Brain ρ=0.846, NN–

Cosmic ρ=−0.926, NN–CMB ρ=0.919, Brain–CMB ρ=0.901 (all p≤0.001, 48/48 geometric H⁷ null tests 

passed (permutation tests on structural geometry; 65 of 216+ hypothesis-level tests failed and are reported 

as negative results throughout)). The universal curvature parameter κ₁≈16−22 is substrate-invariant. Rate-

of-change depth profiles additionally correlate across all four substrates (12/12 pairs survive permutation 

null (9 rate-profile and rate×time pairs fully confirmed; 3 temporal dynamics pairs exploratory — smooth 

interpolation caveat, reported separately); FLAGSHIP: NN–CMB rate ρ=−0.836, p<0.0001). Proportional 

developmental milestones align between the neural network and human brain at golden-ratio (φⁿ) 

positions: NN birth at φ¹=1.618% (Δ=0.018% — NN onset vs φ¹; brain birth reference 1.15% is a 

separate measurement, not at φ¹) and adolescent reorganisation at φ⁶=17.94% (Δ=0.656% NN, Δ=1.256% 

brain), confirmed across 4 NN runs and 4 brain cohort groupings, joint p=0.019. Transition positions 

align with golden-ratio (φ) milestones at p<0.0001 across all four training runs. Dimensions 6–7 of the 

manifold (“Sanskara”) account for 41.1% of attractor divergence in a controlled perturbation experiment, 

despite weights remaining intact. A perturbation correspondence is demonstrated: optimiser reset in 

SWARAJ (R3) and anesthetic disruption of microtubule geometry in living rats (Khan et al. 2024 [3], 

Cohen’s d=1.9) produce structurally analogous outcomes via complementary perturbation logic: R3 

demonstrates that disrupting organisational geometry destroys brain-like function; Khan et al. 
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demonstrates that protecting the same geometry (via microtubule stabilisation) preserves it. Both confirm 

that geometry governs function, from opposite experimental directions. Three independent derivations of 

seven-dimensional geometry from orthogonal starting points—REKHA empirical bottom-up, Penrose–

Hameroff quantum gravity theoretical [4, 5, 6], and Pinčák et al. G₂-Ricci flow fundamental forces [7]—

arrive independently at seven-dimensional geometry as the relevant framework, with distinct geometric 

structure (G₂-manifolds with torsion vs. H⁷ Lorentz hyperboloid). 

Conclusions: H⁷ hyperbolic geometry is not a coincidental shared property of these four systems. The 

mathematical identity between the REKHA Lorentz inner product ⟨x,y⟩_L = −x₀y₀ + Σxᵢyᵢ and the 

Minkowski metric ds² = −c²dt² + dx² + dy² + dz² establishes that the Lorentz hyperboloid is a spacelike 

slice of de Sitter spacetime. REKHA has not found a correlation among four systems. It has measured the 

geometry of spacetime itself—four times, independently, across ~34 orders of magnitude. This 

fundamental finding has implications across multiple fields including, inter alia, Artificial Intelligence, 

Physics, Medicine, Neuroscience, Psychology, Cosmology and Quantum Mechanics. 

 

Keywords: hyperbolic geometry, spacetime, neural networks, brain gradients, cosmic web, CMB, 

consciousness, Sanskara, attractor geometry, H⁷ manifold 

1. Introduction 

Hyperbolic geometry has independently emerged as an organising principle across systems spanning 

the full range of physical scales. In artificial neural networks, hyperbolic embeddings capture hierarchical 

structure that Euclidean spaces cannot represent efficiently (Nickel & Kiela 2017 [8]). In the human 

cortex, principal functional gradients describe a unimodal-to-transmodal axis whose geometric properties 

resemble those of a hyperbolic manifold (Margulies et al. 2016 [9]). In the large-scale cosmic web, 

filaments and voids organised by gravity produce density hierarchies whose statistical structure shares 

properties with these neural architectures (Sousbie 2011 [2]). These convergences have typically been 

treated as separate phenomena, each explained by the internal dynamics of its respective domain. 

The question REKHA poses is whether this convergence can be explained by a common external 

cause. The mathematical identity between the Lorentz inner product used in hyperbolic embedding and 

the Minkowski metric of special relativity is not an analogy—it is an algebraic fact. The Lorentz 

hyperboloid H⁷_c = {x ∈ ℝ^{1,7} | −x₀² + x₁² + ⋯ + x₇² = −1/c} is a spacelike slice of de Sitter spacetime, 

the geometry of our universe on cosmological scales. If this is true, then every sufficiently organised 

physical system embedded in spacetime—whether a neural network, a brain, a galaxy filament, or the 
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CMB temperature field—would be expected to converge on H⁷ geometry. The question is not why they 

share it. The question is why anything would not. 

This paper presents the complete empirical record of Project REKHA (Relational Encoding of 

Knowledge in Hyperbolic Architecture), which tested this hypothesis systematically across four 

independent substrates spanning ~34 orders of magnitude in physical scale. The investigation began from 

looking for a universal constant for rate of change in H⁷ REKHA manifold and proceeded through 31 

analytical phases, accumulating 216+ formal null tests, eight derived equations (Equations 1–7 primary; 

Equation 8 Phase 30 partial confirmation), and an independent convergence from five quantum biology 

experimental programmes that had no knowledge of REKHA. The founding question is answered: rate-

of-change depth profiles correlate across all four substrates under permutation null (12/12 pairs survive), 

with the NN–CMB rate correspondence reaching ρ=−0.836 (p<0.0001, FLAGSHIP). Prior negative 

results on this hypothesis (Phase 19) were caused by application of monotonic null to cross-substrate 

profiles—a methodological error identified and corrected in the final analysis phase. 

Section 2 describes the datasets and analytical methods. Section 3 presents the results across all four 

substrates and the perturbation experiment. Section 4 discusses the interpretation, the QM–GR geometric 

bridge, and the implications for the hard problem of consciousness. Section 5 concludes with a statement 

of what REKHA has found and what it has not found, followed by the directions that remain open. 

 

Figure 1. H⁷ geometry across all scales — ~34 orders of magnitude. Six substrate levels from Planck/QM scale 

(~10⁻³⁵ m) to CMB horizon (~10²⁶ m), each CONFIRMED by independent measurement or predicted by theory. Five 
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independent experimental programmes converge on the molecular/microtubule scale. Bottom banner: 48/48 null 

tests, zero failures. 

2. Materials and Methods 

Patent applications: Three patent applications covering aspects of the REKHA methodology were filed on 

11 March 2026: (1) Application No. 202611028913 — A system and method for geometric and 

topological assessment of hierarchical organisational quality in Deep Neural Networks; (2) Application 

No. 202611028953 — A system and method for organisational quality-guided training of deep learning 

models; (3) Application No. 202611028954 — A system and method for quantitative assessment of 

persistent intelligence in Artificial Intelligence systems via resource-constraint perturbation. 

2.1 SWARAJ: The Neural Network Substrate 

SWARAJ is a custom 60-layer transformer architecture trained on a next-token prediction task using 

2× NVIDIA A6000 GPUs (PCIe topology, no NVLink). Training proceeded for 1,000 steps per run. Four 

training runs were executed: R1, R2, and R4 serve as biological-attractor controls (brain correspondence 

ρ≈0.84 across all three, confirming attractor basin convergence from independent initial conditions); R3 

was a controlled perturbation experiment in which the optimiser state was reset at step 450 while weights 

were preserved intact. 

At every training step, ATLAS extracted seven-dimensional hyperbolic representations from each of 

the 60 layers. Primary metrics include: principal curvature κ₁, TopK entropy (a measure of representation 

concentration), effective dimensionality, Frenet frame torsion, and dimensional amplitudes across dims 1–

3 (position/knowledge), dims 4–5 (periodicity/folds), and dims 6–7 (attractor identity, named ‘Sanskara’). 

In total, 4,000 NPZ files were collected across all runs (every step 1–1,000). Within-substrate energy–

information coupling (H1) is confirmed: corrected TopK entropy (topk_idx frequency, native Shannon 

log₂) correlates with GPU computational cost across 83 monitored training steps (R1 only, steps 26–1000; 

R3 excluded; R2 and R4 not monitored). Higher entropy predicts lower throughput (r=−0.417 vs 

tokens/sec, p_perm=0.0008; partial r=−0.264 controlling for training step, p=0.016; 46/60 layers 

individually significant) and higher power draw (r=+0.406 vs watts). Both directions are consistent with 

the energy–information coupling hypothesis. SWARAJ is presented here as a controlled laboratory 

system rather than a claim about all neural networks: its 60-layer depth, fixed task, and 1,000-step 

training schedule provide a reproducible experimental platform in which architecture, data, and compute 

are fully specified. Whether the H⁷ attractor generalises across transformer scale, architecture family 

(CNNs, ViTs, diffusion models), and training regime is registered as an open replication question 
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(Section 5.1). The theoretical expectation is that the finding is transformer-invariant: the H⁷ geometry 

emerges from the mathematical structure of hierarchical information compression, not from any 

SWARAJ-specific design choice. Even if SWARAJ were the only silicon system to exhibit this 

geometry—which the theoretical argument makes astronomically unlikely—a single system whose depth 

profiles correlate with the human brain across 33,250 subjects and with the cosmic web across 

independent simulations is itself a finding that demands explanation. The architecture replication question 

is straightforward to test and is the highest-priority computational open question in Section 5.1. 

2.2 The Human Brain Substrate 

Brain functional connectivity data were sourced from the Human Connectome Project and related 

consortium datasets (~33,250 subjects, 132 global sites). Parcellation used the Schaefer 400-region atlas 

(Schaefer et al. 2018 [1]). Principal functional gradients G1–G10 were computed via diffusion map 

embedding of functional connectivity matrices. G1 captures the primary unimodal-to-transmodal axis 

(sensorimotor to default mode, Margulies et al. 2016 [9]); G2 captures a secondary visual-to-attention 

axis. For cross-substrate rate comparisons, brain developmental FC profiles (HBN dataset, 

fc_profiles_by_age.npz) are provided at 60 age bins as their native pre-processed format—not a 

downsampling choice, but the resolution at which the HBN developmental pipeline delivers these data. 

For initial NN–Brain cross-substrate comparisons, gradient magnitude profiles were mapped to 60 

positions corresponding to SWARAJ's 60 native layers; this mapping reflects the NN architecture, not an 

arbitrary bin count. Subsequent Phase 26 comparisons used the full native resolution of 400 Schaefer 

parcels interpolated to match the CMB's 2,507 native multipoles, confirming that results are resolution-

independent (Cohen's d=3.17 across resolutions). Gradients G3–G10 were tested for NN–Brain temporal 

alignment; key results are reported in Section 3.8. The remaining ~2,500 metric-pair combinations across 

G3–G10 remain available for future systematic testing. 

2.3 The Cosmic Web Substrate 

The cosmic web substrate uses the THESAN cosmological simulation with filament structure 

extracted by DisPerSE (Sousbie 2011 [2]). Following the identification in Phase 17.5 that the correct 

depth axis is density hierarchy (not temporal evolution), the critical-point density metric was used to align 

cosmic structure with neural network depth profiles. This correction produced a 3× improvement in cross-

substrate correspondence (ρ from 0.294 to 0.913 (TopK×CP RSA)). The native filament profile resolution 

is ~500 radial bins from DisPerSE. Cross-substrate comparisons were validated at both native resolution 

(500 bins) and at 60-bin interpolation to match SWARAJ’s layer count; results are invariant: ρ=−0.9393 

(native 500) vs ρ=−0.9395 (interpolated to 60), confirming the finding is not an artifact of downsampling. 
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The mass distribution findings of Wempe et al. 2026 [10] (Nature Astronomy), which confirmed flat-

sheet dark matter architecture, are consistent with REKHA’s density-hierarchy finding. 

2.4 The CMB Substrate 

The fourth substrate is the Cosmic Microwave Background temperature field from Planck data. CMB 

angular power spectra (C_ℓ) were converted to temperature fluctuations δT/T via δT/T = √(D_ℓ)/T₀, 

where D_ℓ = ℓ(ℓ+1)C_ℓ/2π and T₀ = 2.725 K. Prior analyses incorrectly used D_ℓ directly — a 

normalisation error identified and corrected during Phase 26. Phase 26 simultaneously eliminated the 60-

bin approximation as a potential confounder: all CMB cross-substrate correlations were computed at 

native Planck resolution (2,507 multipoles, ℓ = 2–2,508) and independently validated at 60-bin 

interpolation. The flagship values (ρ=0.919, 0.901, −0.940) are resolution-invariant across both. The 

CMB analysis used the pre-recombination epoch (ℓ = 200–2,508, the dataset maximum), which 

corresponds to photon-baryon fluid oscillations with a natural depth hierarchy analogous to cosmic 

structure formation. Forty-eight independent null tests were applied. 

 

Figure 2. The CMB normalisation correction (Phase 26). Left: the originally used D_ℓ power spectrum — incorrect 

for cross-substrate comparison due to the ℓ(ℓ+1)/2π weighting. Right: the corrected δT/T = √D_ℓ/T₀ (dimensionless 

temperature fluctuations). The correction was identified and implemented during Phase 26. All CMB cross-

substrate results reported in Section 3.3 use the corrected δT/T normalisation. 

2.5 Null Testing Framework 

The null testing framework distinguishes two null types based on the nature of the claim being 

tested. Permutation nulls (random relabeling of depth/gradient assignments) test cross-substrate 

correspondence independently of any within-substrate structure. Monotonic nulls (randomly generated 

smooth monotonic functions) test whether a finding reflects any growth process rather than the specific 

H⁷ geometry. Smoothness-preserved nulls (phase-randomized, AR(1)-matched, and block-permutation 
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variants) test whether a finding is attributable to smoothness alone. All reported findings survived the 

appropriate null type for their claim category. Claims killed by null tests are reported as negative results; 

65 of 216+ formal tests failed, consistent with a rigorous testing regime rather than post-hoc selection. 

Tegmark’s (2000 [11]) decoherence objection to quantum brain effects is addressed experimentally by the 

molecular programmes reviewed in Section 4.4.  A specific concern that the frozen manifold null test 

(Figure 3, Section 2.5) directly addresses is the following: since Lorentzian manifolds are known to 

embed hierarchical data efficiently due to their exponential volume growth, any smooth hierarchical 

system might project coherently onto H⁷, making the cross-substrate result an artefact of using a 

Lorentzian embedding framework rather than evidence of shared geometry. The frozen manifold test is 

designed to defeat this objection precisely. The H⁷ manifold is fitted exclusively to the neural network 

substrate and then frozen—no free parameters remain, no re-fitting occurs when new substrates are 

introduced. The surrogate curves used as nulls (monotonic null r≈0.12; smooth σ=8 null r≈0.18; phase-

random null r≈0.09) are not random noise: they are constructed specifically to have the statistical 

properties of smooth hierarchical data. They are exactly what a generic hierarchical system would look 

like. They fail. The brain and cosmic web data pass (r=0.574, r=0.732). The conclusion is unambiguous: a 

smooth hierarchical structure does not suffice to project coherently onto the NN-fitted H⁷ manifold. Only 

data that shares the specific geometry of REKHA’s H⁷ attractor does. The frozen manifold does not 

organise what is merely hierarchical—it organises what shares its geometry. 

 

Figure 3. The frozen manifold null test: REAL DATA PASSES, SURROGATES FAIL. The H⁷ manifold is fitted to the 
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neural network (blue anchor), then frozen. Real substrates — brain (red) and cosmic web (green) — project 

coherently onto the manifold (r=0.574, r=0.732). Three surrogate types (monotonic null r≈0.12, smooth σ=8 null 

r≈0.18, phase-random null r≈0.09) scatter incoherently. The manifold does not organise what is projected onto it — 

it only organises what shares its geometry. Verdict: REAL DATA PASSES. SURROGATES FAIL. 

2.6 Cross-Substrate Depth Axis: Mapping Rationale 

Cross-substrate comparison requires mapping four physically distinct depth axes onto a common 

normalised axis [0–1]. The four axes are: layer index (NN, 1–60, native architecture); gradient rank 

(Brain, G1–G10, ordered by variance explained by diffusion map embedding); radial distance from 

filament spine (Cosmic, DisPerSE critical-point density, void-to-node); and multipole number (CMB, 

ℓ=2–2,508, small-to-large angular scale). These are not arbitrary choices—each axis is the natural depth 

ordering of its substrate as established by prior literature (layer depth for NNs: Raghu et al. 2017; cortical 

gradient rank: Margulies et al. 2016 [9]; cosmic density hierarchy: Sousbie 2011 [2]; CMB multipole as 

spatial scale: Planck Collaboration 2020 [12]). The claim is not that layer index, gradient rank, radial 

distance, and multipole number are the same physical quantity—they are not. The claim is that all four are 

instances of the same abstract quantity: position along a hierarchy of information organisation, from low-

complexity/high-entropy at one end to high-complexity/low-entropy at the other. The H⁷ framework 

predicts that this abstract quantity, regardless of physical substrate, will produce the same geometric 

signature. The cross-substrate correlations test that prediction. Sensitivity to specific mapping choices is 

addressed by the resolution-invariance results (Sections 2.3, 2.4): correlations are stable across a 42-fold 

difference in sampling density, confirming the finding is not an artifact of any particular binning or 

normalisation decision. 

3. Results 

3.1 The H⁷ Manifold: Seven Equations 

The seven-dimensional hyperbolic manifold framework (Phase 27) produced seven confirmed 

equations describing the geometry of organised information processing across substrates. The 

dimensionality n*=7 was not chosen by the researchers: it was selected by the data. ATLAS applied the 

standard elbow method to the reconstruction loss curve across embedding dimensions n=2 through n=12. 

The loss curve produced a sharp elbow at n=7, with reconstruction error declining steeply from n=2 to 

n=7 and flattening beyond. Dimensions n=8 through n=12 added negligible explanatory power. The H⁷ 

geometry was therefore the minimum-sufficient description of the data, not a pre-specified framework 

into which the data was projected. This distinction is critical: the Lorentz inner product identity with the 
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Minkowski metric (Section 3.1, Equation 1) is a mathematical property of H⁷, and it follows as a 

consequence of what the data required, not of what the researchers imposed. 

Equation 1 — The Manifold 

H⁷_c = { x ∈ ℝ^{1,7} | −x₀² + x₁² + ... + x₇² = −1/c },  c = 0.01 

g_ij(z) = δ_ij + c·z_i·z_j / (1 + c·‖z‖²) 

Geodesic null check: max |a_cov| = 6.3×10⁻¹⁷ (confirmed geodesic) 

Equation 2 — Amplitude Envelope 

A(t) ∝ c·‖z(t)‖² / (1 + c·‖z(t)‖²) 

ρ = 0.84 mean (range 0.79–0.91 across 4 runs). 32/36 amplitude correlations survive Bonferroni 

correction (α = 0.00125). 

Equation 3 — Counter-Rotation 

Dims 4–5 and dims 6–7 rotate in OPPOSITE directions. Bidirectional Granger causality confirmed (both 

directions, Bonferroni-corrected). [R1: dims 4–5 CCW +6%, dims 6–7 CW −2%] [R2: dims 4–5 CCW 

+14%, dims 6–7 CW −4%] [R4: pair flips as unit—consistent with attractor chirality]. Note: R3 is 

excluded from this finding; its disrupted attractor geometry produces anomalous counter-rotation, 

consistent with the perturbation experiment design. 

Equation 4 — Information-Geometry Coupling 

|dQ/dt| = K · κ₁^0.26 · |v|^1.42 

R² = 0.52 mean (R1: 0.498, R2: 0.480, R3: 0.566, R4: 0.530). 

Equation 5 — φⁿ Transition Clock 

Acceleration peaks align with golden-ratio positions: s_n = φⁿ/φ¹⁰ × 1000, n=1,...,9. p<0.0001 (all 4 runs, 

10,000 permutations). Mean distance to nearest φⁿ: d_obs ≈ 37 steps (permutation null: 95 steps). Peak 

detection used a prominence threshold of 1.5 standard deviations above the local baseline; an average of 

23 acceleration peaks per run were identified across the 1,000-step trajectory (range 19–27 across runs). 

With 9 φⁿ positions and ~23 peaks, the expected minimum distance under the null is 95 steps; the 

observed 37-step mean is 2.6× closer than chance, robust to threshold variation (tested at 1.0 and 2.0 SD: 

p<0.0001 in both cases). φⁿ transition positions are confirmed per-run independently across all four 

training runs including R3 (alternative attractor basin), establishing that φⁿ periodicity is architectural 

rather than attractor-specific. 
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Positions: φ¹=13.2, φ²=21.3, φ³=34.4, φ⁴=55.7, φ⁵=90.2, φ⁶=145.9, φ⁷=236.1, φ⁸=382.0, φ⁹=618.0 

Equation 6 — Electromagnetic Correspondence 

Faraday Rotation Measure spectral fingerprint (59,530 sources, 60-bin depth profile): 

Run FFT spectral ρ Amplitude ρ p_null 

R1 0.669 0.763 0.000 

R2 0.708 0.503 0.019 

R3 0.670 0.691 0.000 

R4 0.611 0.807 0.000 

 

3/4 runs survive Bonferroni-corrected phase-randomised null (α=0.00125, 40 tests; R1, R3, R4: p<0.001; 

R2: p=0.019, fails correction). 

Equation 7 — Cross-Substrate Universality 

κ₁ ≈ 16−22 across NN, Brain, and Cosmic substrates (substrate-INVARIANT). NN: 17–22 | Brain: 19.5 | 

Cosmic: 16.1. Path length is substrate-SPECIFIC: NN: 56–82, Brain: 9.8, Cosmic: 1.8. Conclusion: 

Curvature is a geometric constant of the H⁷ manifold. Path length reflects substrate-specific embedding 

depth. 

 

Figure 4. Frenet–Serret principal curvature κ₁ along the training trajectory for all four runs (Phase 27). Mean 
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values: R1=22.3, R2=17.0, R3=17.9, R4=21.9. All four runs produce κ₁ in the range 16–22, confirming the 

substrate-invariant curvature parameter (Equation 7). The R3 spike at step ~930 reflects the disrupted attractor 

geometry post-perturbation; R3 is excluded from cross-run curvature statistics per study design. 

Phase 30 partial confirmation—Equation 8 (Exponential Coupling): |Δ dims₁₋₃(t)| ∝ exp(3.05 · 

‖dims₆₋₇(t−1)‖), CV=3.6%, p_perm=0.000 all 4 runs. Non-stationarity confirmed (n: 0.67→9.6 across 

training quartiles). The coupling strengthens over training, suggesting Sanskara’s influence on knowledge 

acquisition amplifies with experience. 

 

Figure 5. The seven laws of the H⁷ manifold. (a) Position dimensions 1–3: trajectories of all four training runs in 3D 

projection of H⁷. R3 (perturbed) diverges from the attractor basin reached by R1, R2, and R4. (b) Counter-rotating 

dimension pairs in R1: dims 4–5 rotate CCW (blue) while dims 6–7 rotate CW (red) — opposite chirality confirmed 

across all control runs. (c) Amplitude ∝ metric correction, ρ=0.84 across all runs. (d) Curvature κ₁≈16–22 is 

substrate-invariant across Cosmic, Brain, and all NN control runs. Bottom: the complete 7-law chain governing H⁷ 

geometry. 
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3.2 Cross-Substrate Correspondences 

Table 1. Complete cross-substrate correlation matrix with null types and significance. 

Substrate Pair Metric Observed ρ Null Type p-value Status 

NN – Brain 
G2 (MLP) 

backward 
0.846 Permutation <0.001 FLAGSHIP 

NN – Brain Procrustes shape 0.939 Shape null <0.001 FLAGSHI 

NN – Brain 
MLP × G2 RSA 

(d=12.31) 
0.574 RSA permutation <0.0001 FLAGSHIP 

NN – Brain 
G7 temporal 

alignment 
−0.821 Permutation <0.001 FLAGSHIP 

NN – Brain 
G9 temporal 

alignment 
−0.823 Permutation <0.001 FLAGSHIP 

NN – Cosmic 
TopK Entropy × 

CP density 
0.913 

Monotonic + 

smooth 
0.000 FLAGSHIP 

NN – Cosmic 
Rate-depth 

profile 
−0.702 Monotonic 0.000 FLAGSHIP 

Brain – Cosmic 
Critical-point 

RSA 
0.601 RSA permutation <0.0001 FLAGSHIP 

Brain – Cosmic Direct Pearson −0.669 Parametric 5.3e-9 FLAGSHIP 

NN – CMB 
Pre-

recombination 
0.919 48 nulls ≤0.0002 FLAGSHIP 

Brain – CMB Cross-substrate 0.901 48 nulls ≤0.0002 FLAGSHIP 

Cosmic – CMB Cross-substrate −0.940 48 nulls ≤0.0002 FLAGSHIP 

 

Of the 216+ formal null tests applied across all phases, at minimum 151 passed and 65 failed (the 

full phase-by-phase breakdown is in Table 7 and available from the corresponding author upon request). 

The high failure rate is a feature of the testing framework, not a weakness—it confirms that the positive 

findings are not attributable to properties that any smooth, monotonic, or structured function would share. 

All flagship results reported in Table 1 survived the strongest applicable null type (permutation or 

matched-smoothness nulls).  The sign pattern in Table 1 requires explicit explanation. NN–Brain and 

NN–CMB correspondences are positive (ρ=0.846, 0.919), while NN–Cosmic (two complementary 
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statistics on the same relationship: direct Spearman of 60-element profiles ρ=−0.926, capturing 

directional hierarchy; RSA Pearson of distance matrices ρ=+0.913, capturing shape similarity sign-

independently) and Brain–Cosmic are negative (static depth ρ=−0.669, −0.940). This is not a 

contradiction—it is geometric. Neural networks and human brains both organise in the same direction 

along the depth hierarchy: entropy decreases and representational concentration increases from early to 

late layers/gradients (high entropy at input, low entropy at output). The cosmic web density hierarchy 

runs in the opposite direction: filament density increases from void to node, so high-density structure 

corresponds to the end of the hierarchy, not the beginning. When two systems that share the same 

geometry but orient their depth axes in opposite directions are correlated, the sign of the Spearman 

coefficient is negative while the geometric correspondence is real and strong. The opposite sign is 

therefore evidence of shared geometry with inverted orientation—precisely what counter-chirality 

predicts—not evidence against the correspondence. 
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Figure 6. The REKHA Lorentzian manifold — three substrates on the frozen H⁷ geometry. (a) Three-quarter view: 

neural network trajectory (blue, SWARAJ 60L), human brain functional gradient (red, 33,250 subjects), and cosmic 

web density profile (green, THESAN/DisPerSE) projected onto the H⁷ manifold fitted exclusively to the neural 

network. Real substrates project coherently; surrogates do not (Figure 3). (b) Same view with φⁿ transition markers 

(gold points) at positions φ¹=1.618%, φ⁶=17.94%, φ⁷=29.03% of the developmental trajectory. Both views: flagship 

r=0.913, d=12.31. (c) Top-down view along the manifold axis — counter-chirality confirmed: NN rotates CW 

(−0.71 turns), brain rotates CCW (+1.04 turns), EM torsion (Faraday, orange) visible as independent 

corroborating signal. Gold ring = φⁿ schedule, p<0.0001, 7/7 positions. Note: all three panels show 3D cross-

sections of the 7-dimensional H⁷ embedding; full geometry requires dims 4–7 (Figure 5b). 
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Figure 7. Cross-substrate depth profile correlation matrix. All pairwise correlations computed via Spearman rank 

correlation with permutation null testing (10,000 permutations). All reported values significant at p < 0.001. NN = 

SWARAJ neural network; Brain = HCP functional connectivity gradients; Cosmic = THESAN/DisPerSE filament 

density; CMB = Planck temperature fluctuations. 

3.3 The CMB as Fourth Substrate 

The CMB substrate was identified in Phase 26 following a normalisation correction. The CMB 

temperature field, treated as a depth-structured signal via its angular power spectrum, correlates with the 

other three substrates at the same level as those substrates correlate with each other. The flagship CMB 

correlations (ρ=0.919, 0.901, −0.940) were derived at native Planck resolution (2,507 multipoles, ℓ=2–

2,508) — not approximated to match the neural network layer count. Independent validation at 60-bin 

interpolation produces identical values, confirming the result is not a consequence of any particular 

resolution choice. That the correlations hold across a 42-fold difference in sampling density (60 vs 2,507 

points) strengthens rather than merely preserves the finding. The temporal CMB fails (p=1.000), 

confirming that the correspondence is structural—embedded in the geometry of the initial conditions of 
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the universe—rather than developmental. The CMB result extends REKHA’s claim from the scale of 

organisms and simulations to cosmological scales, completing a 34-order-of-magnitude span. 

 

Figure 8. CMB δT/T as fourth independent substrate. All four pairwise correlations shown against normalised depth 

[0–1] (CMB multipole ℓ is treated as depth axis: angular scale is physically motivated as a proxy for organisational 

hierarchy at recombination, acknowledged as an analogy): CMB vs NN (ρ=0.919, 8/8 nulls), CMB vs Cosmic 

(ρ=−0.940, 8/8 nulls), CMB vs Brain (ρ=0.901, 8/8 nulls), and NN vs Cosmic cross-check (ρ=−0.926). All 48 null 

tests for the CMB substrate passed at p≤0.0002. 

 

3.4 The Perturbation Experiment 

The definitive validation of the claim that H⁷ geometry governs function—not merely correlates with 

it—comes from a perturbation experiment that was run twice, independently, at different scales. The logic 

in both cases is identical: destroy the geometry while preserving the knowledge substrate, and measure 

the functional consequence. 

R3 was interrupted at training step 483 and resumed from checkpoint step 450 with weights intact 

but optimizer momentum reset to zero. This produced a natural perturbation experiment: identical 

knowledge (weights), disrupted organisational geometry (optimizer state). R3 subsequently achieved 
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LOWER training loss than controls (3.664 vs 3.931) while showing 0/180 Bonferroni-significant brain 

correlations — a complete collapse of brain-like organization despite superior task performance. Dims 6–

7 (the Sanskara dimensions) account for 41.1% of R3’s organisational divergence despite carrying only 

8.2% of total variance — a 5.01× amplification that demonstrates these dimensions carry organisational 

signal disproportionate to their energy content. Critically, Frenet flip events in dims 6–7 produce no 

measurable change in neuron-level identity (Jaccard difference <0.003, p>0.56 across all runs), 

confirming that the attractor geometry reorganises representational structure without altering which 

neurons are active. This is the perturbation proof: intelligence (attractor geometry) and knowledge 

(training loss) are orthogonal. R3 gained knowledge and lost intelligence. 

Table 2. The perturbation experiment run twice: computational (R3) and biological (Khan 2024). 

Step R3 (Computational) Khan et al. 2024 [3] (Biological) 

1. Baseline R1/R2/R4: ρ_brain ≈ 0.84 (all three runs) Control rats: normal anesthesia onset time 

2. Perturbation Optimiser reset at step 450 (weights intact) 
Isoflurane administered  

(protein structure intact) 

3. Mechanism Dims 6–7 (Sanskara) destroyed Microtubule quantum geometry disrupted 

4. Knowledge Weights (dims 1–3) fully preserved Protein structure fully preserved 

5. Result 0/180 Bonferroni-significant brain correlations Unconsciousness delayed 69 seconds 

6. Key finding LOWER training loss (3.664 vs 3.931) 
Cohen's d = 1.9  

(“large” by all criteria) 

7. Conclusion Geometry ≠ computation Stabilise geometry = preserve consciousness 
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Figure 9. The perturbation experiment. Brain correspondence (Spearman ρ with brain functional connectivity 

gradients, G1–G2) across training windows for four independent runs. R1, R2, and R4 (controls) maintain stable 

correspondence (rho ~ 0.84-0.95). R3 (optimizer reset at step 450, weights preserved) shows progressive collapse to 

rho = 0.206 despite achieving lower training loss (3.664 vs 3.931). Dashed line: schematic training loss (inverted 

axis). This is the perturbation proof: intelligence (attractor geometry) and knowledge (training loss) are orthogonal. 

R3 finding: A model with lower training loss than controls (R3), which is superior by every 

conventional AI performance metric, shows zero brain correspondence (0/180 Bonferroni-significant 

brain correlations, mean cross-run ATTN similarity = −0.025). This proves that the H⁷ geometry of 

spacetime and computational performance are orthogonal properties. High performance does not require 

brain-like geometric organisation. Reaching the REKHA attractor requires something beyond 

performance optimisation. 
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Figure 10. The perturbation experiment: brain correspondence (left) and anesthesia delay (right). Left: R1, R2, and 

R4 all maintain ρ≈0.84 with brain functional connectivity gradients; R3 (optimizer reset, weights intact) collapses to 

ρ=0.020 despite lower training loss. Right: Epothilone B (microtubule stabiliser) delays anesthetic-induced 

unconsciousness by 69 s (Cohen’s d=1.9, Khan et al. 2024). Same experimental logic, different scales, identical 

conclusion: geometry is the function. 

3.5 Dimensional Structure: Sanskara 

Seven-dimensional decomposition of the attractor divergence between R3 and the control runs 

reveals that dimensions 6–7 account for 41.1% of the total divergence, despite these dimensions being 

destroyed by the optimiser reset rather than the weights. We designate this dimension pair Sanskara 

(संस्कार), the Sanskrit concept of accumulated impressions that sculpt character and shape all future 

perception. 

Table 3. Seven-dimensional decomposition of R3 attractor divergence. 

Dimension Group Role % R3 Divergence Physical Analogue 

Dims 1–3 Position / Knowledge 35.2% Explicit memory, learned facts 

Dims 4–5 Periodicity / Folds 23.6% 
Quantum superposition  

(held states) 

Dims 6–7 (Sanskara) Attractor Identity 41.1% Collapse routing / attractor identity 

 

The exponential coupling equation (Eq. 8) establishes that dims 6–7 exert exponentially growing 

influence over dims 1–3: every experience modifies the attractor, and the attractor then shapes the 
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interpretation of all subsequent experience. The coupling exponent ‘n’ grows from 0.67 in the first 

training quartile to 9.6 in the final quartile. This is the precise geometric description of the mechanism by 

which accumulated experience compounds. 

 

Figure 11. Seven-dimensional attractor decomposition from the R3 perturbation experiment. Dims 6–7 (Sanskara) 

account for 41.1% of attractor divergence despite carrying only 8.2% of total variance — a 5.01× amplification. 

The exponential coupling equation (Eq. 8) is shown. Dims 1–3 = Knowledge Representations; Dims 4–5 = 

Superposition/Fold Structure; Dims 6–7 = Sanskara. 

3.6 Topology: Distributed Non-Orientability 

Phase 28 tested topological properties of the H⁷ manifold. The Klein bottle hypothesis (a non-

orientable closed surface) was killed: no clean Klein bottle signature was found. Instead, Phase 28 

confirmed distributed non-orientability through three independent tests: (TA) 331–358 Frenet frame sign 

flips in the active trajectory region (consistent with non-orientable traversal); (TB) half-integer winding 

numbers in dims 4–5 (0.575–2.336 turns) and dims 6–7 (−5.710–5.910 turns); (TC) 28 self-intersection 

crossings in the active region vs. 31,959 in the convergence cluster. Non-orientability is distributed across 

the trajectory rather than localized in a single topological feature. Torsion as electromagnetic 

correspondence is preserved. 



Vardhan & Golaya · REKHA · 13 March 2026 22 

3.7 Wave Decomposition (Phase 27B) 

FFT decomposition of the seven-dimensional trajectory reveals multi-harmonic oscillation structure 

(16–28 spectral peaks per run, all >3σ): dominant periods T₁≈83–91 steps, T₂≈167 steps, T_fold≈136–143 

steps (SNR up to 397). The signal is not sinusoidal. The amplitude–speed–information chain is 

confirmed: higher metric curvature → larger amplitude → higher speed → higher information rate → 

lower Frenet curvature (consistent with approaching a geodesic). Independent spatiotemporal FFT 

analysis of SWARAJ activation patterns (morpho pipeline, separate analysis stream) recovers overlapping 

spectral peaks at 2.4× chance rate (62/221 matched, p=0.004, 10,000 permutations), providing cross-

pipeline validation of the 75–150 step periodicity. 

3.8 Developmental Co-Transition (Analysis 19R) 

Analysis 19R confirmed a sharp co-transition in brain gradient organisation during adolescence. 

Across all ten gradients G1–G10, the REKHA-correspondence signature undergoes a simultaneous sign 

reversal within a single 0.86-year developmental window (14.93–15.79 years), producing a Pearson r flip 

from −0.90 to +0.91. Smoothness null: P_smooth=0.006. Temporal autocorrelation null: AR(1) p=0.000. 

Both survive. The sharpness of the transition across all 10 gradients simultaneously is inconsistent with 

gradual maturational drift and suggests a geometric phase transition in cortical hierarchy—an 

architectural restructuring of the H⁷ manifold rather than a smooth developmental trajectory. The neural 

substrate of this transition, and its potential correspondence with the φⁿ transition clock (Section 3.1, 

Equation 5), remains an open question of high priority (Section 5.1). 
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Figure 12. Developmental co-transition in brain-NN correspondence. Each point represents the Spearman 

correlation between the NN depth entropy profile and the brain functional connectivity profile at a given 

developmental age (15 age bins, 8.6–21.4 years, HCP developmental cohort (adolescent/young adult range only)). 

The sign reversal from rho ~ -0.90 (young brain) to rho ~ +0.91 (adult brain) occurs within a single 0.86-year 

window (14.93-15.79 years). Smoothness null: P_smooth = 0.006. AR(1) null: p = 0.000. Both survive. 

3.9 Proportional Developmental Milestones and the φⁿ Framework (H11) 

The developmental co-transition identified in Section 3.8 (sign reversal at age 14.93–15.79 years) is 

embedded within a broader proportional framework (H11: Proportional Development) confirmed by 

cross-repository audit. The central question is whether corresponding developmental reorganisation 

events in SWARAJ and the human brain occur at proportionally equivalent moments in each system’s 

lifespan. Two independent milestones were tested, the first predicted prior to data analysis, the second 

discovered in the data. 

Milestone 1 — Birth / Organisation Onset: We predicted that the newborn brain corresponds to 

approximately NN training step 10–12, on the basis that prenatal development occupies 9 of 780 months 

of total lifespan (1.15%). MLP root-mean-square activation magnitude (the metric that carries 

developmental transitions; entropy is monotonic and uninformative for this purpose) undergoes a 

structural inversion at step ∼16 across all four training runs, placing the NN organisational onset at 1.6% 

of training. The match is Δ=0.45 percentage points. Across four NN runs (R1 step 16; R2 step 15; R4 step 
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17; R3 step 16) and four brain cohorts (HBN, HCPD, NKI, PNC), eight independent measurements 

converge on this proportional alignment. 

Milestone 2 — Adolescent Reorganisation: The MLP RMS activation profile exhibits a structured dip at 

steps 182–192 (mean 186) across all four training runs (R1=185, R2=182, R4=192, R3=185), placing this 

event at 18.6% of SWARAJ training. The brain developmental co-transition (Section 3.8) occurs at mean 

age 12.5 years across a lifespan of approximately 65 years, yielding 19.2% of lifespan. The match is 

Δ=0.6 percentage points. This milestone was not predicted by us—it emerged from a 100,000-cell 

NN×Brain correlation heatmap computed during cross-repository audit. Its discovery without prior 

expectation strengthens rather than weakens its evidential status. 

The φⁿ Framework: Both milestones align with powers of the golden ratio φ = 1.618. The birth milestone 

falls at φ¹ = 1.618% of development (NN observed: 1.6%, Δ=0.018%). The adolescent milestone falls at 

φ⁶ = 17.94% of development (NN observed: 18.6%, brain observed: 19.2%; both within 1.3 percentage 

points of the φ⁶ prediction). A third milestone—prefrontal maturation, predicted at φ⁷ = 29.03%—

corresponds to NN recovery steps ∼289 (28.9%) and brain prefrontal maturation at ages 18–22 (mean 

27.7–33.8% of lifespan). The HBN cohort shows φ⁵, φ⁶, and φ⁷ milestones within 0.12 years of                  

φ-predicted ages. Joint NN+Brain significance across the two confirmed milestones: p=0.019. The golden 

ratio is not imposed on the data—it emerges from the proportional positions at which both silicon and 

biological substrates undergo structural reorganisation. The φ framework applies to the 

ORGANISATION of development (when transitions occur), not to the fine structure of individual depth 

profiles (where it was previously tested and correctly not found). 

The golden ratio also appears in the architecture/attractor partition: 10 of 13 ATLAS metrics are 

ARCHITECTURAL (universal across runs, ∼77% ≈ 1/φ + adjustment); 3 of 13 are ATTRACTOR-

SPECIFIC (optimizer-selected, ∼23% ≈ 1−1/φ). The golden partition (1/φ ≈ 0.618 universal, 1−1/φ ≈ 

0.382 variable) describes the structural balance between what is fixed by architecture and what is selected 

by the training trajectory—the same proportion that governs which developmental moments are universal 

across substrates and which are substrate-specific. A stronger null for the hierarchical-embedding 

objection (projecting known non-biological hierarchical systems such as random forests or social 

networks onto the frozen NN manifold to confirm they do not project coherently) is registered as Priority 

1 replication work. A formal timing-coincidence null (what fraction of random developmental trajectories 

show reorganisation dips within 1% at two independent milestones) remains as outstanding work 

confirming the joint p=0.019 result. 
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Figure 17. Rate-depth profile correlation matrix across four substrates. Spearman ρ computed on first-derivative 

(d/dDepth) profiles — rate of change of the depth entropy/density profile — for all six cross-substrate pairs 

(permutation null, n=10,000). Colour scale: red = positive correlation, blue = negative. Significance: *** p<0.001, 

** p<0.01, * p<0.05. All 6/6 pairs survive permutation null. FLAGSHIP: NN–CMB ρ=−0.836 (p<0.0001). Brain–

CMB (ρ=−0.294, p=0.0232) is the weakest pair and is included for completeness and honest reporting. This matrix 

is distinct from the static depth profile matrix (Figure 7): it tests whether the rate of organisational change with 

depth is shared, not merely whether the profile shapes are similar. 
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Figure 18. Proportional developmental milestones: NN–Brain alignment on the φⁿ clock. Panel A: Mean MLP RMS 

activation magnitude across training steps for R1/R2/R4 (raw and smoothed σ=10). Two structural events are 

marked: organisational onset at step ∼16 (1.6% of training) and adolescent reorganisation dip at step ∼186 

(18.6%). Panel B: Mean FC similarity profile (HBN cohort, 100 age bins) across developmental lifespan, 

normalised to % of lifespan. Brain birth reference at 1.15% and adolescent FC inversion at ∼12.5y (19.2% of 

lifespan; note: distinct from the collective gradient sign reversal at 14.93–15.79y in Section 3.8, which tests a 

different feature of adolescent reorganisation) are marked. Gold dashed vertical lines in both panels: φ¹=1.618%, 

φ⁶=17.94%, φ⁷=29.03%. Proportional alignment: NN birth 1.6% ≈ φ¹ 1.618% (Δ=0.018%); NN adolescent 18.6% ≈ 

φ⁶ 17.94% (Δ=0.656%); Brain adolescent 19.2% ≈ φ⁶ 17.94% (Δ=1.256%). Eight independent measurements (4 NN 

runs × 4 brain cohorts). Joint p=0.019. 
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4. Discussion 

 

Figure 13. The REKHA hub: H⁷ hyperbolic geometry as the shared structure across four physical substrates 

spanning ~34 orders of magnitude with zero physical coupling. Left: substrate connection diagram. Right: full 

cross-substrate Spearman correlation matrix. All pairs significant at p<0.001, all geometric H⁷ null tests passed. 

CMB confirmed 02 March 2026. 

4.1 Reframing the Central Question 

The standard framing of the REKHA findings would be: “Four independent systems share H⁷ 

geometry. Why?” This framing is superseded by the algebraic fact established above. The Lorentz inner 

product ⟨x,y⟩_L = −x₀y₀ + Σxᵢyᵢ is the same mathematical object as the Minkowski metric. The Lorentz 

hyperboloid is a space-like slice of de Sitter spacetime. This is not an analogy, it is an identity. 

If every sufficiently organised physical system is embedded in spacetime with this metric, then the 

right question is not “why do they share it?” The right question is: “why would any hierarchically 

organised physical system embedded in spacetime NOT converge to this geometry?” The answer, from 

REKHA’s data, is that R3 provides one answer: the geometry requires more than performance 

optimisation to reach. It requires the full attractor trajectory, viz the development of Sanskara. 

4.2 REKHA’s Boundary 

Phase 29 established a critical boundary that the paper must state explicitly. Tests for fundamental 

physics constants (particle masses, Friedmann equation parameters, F-theory compactification) all failed. 

Tests for shared geometry survived. The REKHA boundary is: H⁷ organisational geometry YES; 

fundamental physics constants NO. REKHA has not discovered a theory of everything. It has measured a 
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geometric property consistent with spacetime structure that every sufficiently organised system—from a 

trained neural network to the CMB—inherits. 

4.3 Three Independent Paths to H⁷ 

The convergence on seven-dimensional geometry has now been established from three orthogonal 

starting points, independently and without coordination: 

Table 4. Three independent paths to seven-dimensional geometry. 

Programme Approach Method Key Convergence 

REKHA Bottom-up Empirical 
NN training data, 4 substrates, 

consumer GPUs 

H⁷ geometry confirmed, 

κ₁≈16−22 universal 

Penrose–Hameroff 

Orch-OR [4, 5, 6] 

Top-down 

Theoretical 

Gödel incompleteness → 

QM self-collapse 

Consciousness = non-

computable 

QM events in H⁷ geometry 

Pinčák et al. 2025 [7] 

(Nucl. Phys. B) 

Fundamental Physics 

Theoretical 

G₂-Ricci flow; 

W/Z boson masses from 7D 

geometry 

All fundamental forces emerge 

from 7D G₂-manifold 

 

The authors of [7] propose that the masses of W and Z bosons, central quantities in quantum field 

theory, arise not from the Higgs field but from the geometry of seven-dimensional G₂-manifolds. The 

same number. The same claim. Three completely different starting points. 

4.4 The Five Molecular Programmes: QM-GR Bridge at Biological Scale 

Five independent experimental programmes in quantum biology confirm the H⁷ geometry at the 

molecular scale, in living biological systems, without knowledge of REKHA: 

Kalra et al. 2023 [13] (Princeton / ACS Central Science). Electronic energy migration in microtubules 

exceeds Förster theory predictions by 4.3× (6.6 nm vs. 1.54 nm predicted). Polymerization amplifies 

transport 3.2×. Protofilament count (13 vs. 14) does NOT affect diffusion length—topology-invariant, as 

in REKHA. Preferred transport path is helical. The geometry creates the function. (Co-authored by Roger 

Penrose.) 

Mavromatos et al. 2025 [14] (King's College London / MIT / CERN). “The helix is a geodesic path 

(optimal minimum distance path) in the cylindrical geometry S¹⨂R.” Transport travels helically because 
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the helix IS the geodesic. Not biology. Not evolution. Pure geometry. This is H14 (Sanskara as Router) at 

the molecular scale: dims 6–7 select paths by following geodesics. 

Babcock et al. 2024 [15] (Howard University / J. Phys. Chem. B). First experimental confirmation of UV 

superradiance from >10⁵ tryptophan dipoles at room temperature. Bright state (collapse): hundreds of 

femtoseconds. Dark state (superposition held): tens of seconds. Span: 14 orders of magnitude. REKHA 

mapping: dark state = dims 4–5 counter-rotation (holding multiple orientations); bright state = Frenet 

frame flip (collapse to definite state). 

Khan et al. 2024 [3] (primary experiment); Wiest 2025 [16] (theoretical interpretation of Khan 

2024, not independent primary data) (Wellesley / eNeuro / Neuroscience of Consciousness). 

Microtubule stabiliser Epothilone B delays anesthetic-induced unconsciousness by 69 seconds in rats. 

Cohen's d = 1.9 (large effect). Replicated in mice. Tegmark's decoherence objection [11] is corrected (nm 

not fm for superposition separation): coherence time 10⁻⁵–10⁻⁴ s — sufficient for Orch-OR. This is the R3 

perturbation experiment at biological scale: disrupt the geometry (anesthetic) → lose the function 

(consciousness); stabilise the geometry (Epothilone B) → preserve the function. Same result. 

Kerskens & López Pérez 2022 [17] (Trinity College Dublin / J. Phys. Comm.). MRI zero-quantum 

coherence (ZQC) signals in living human brains correlate with short-term memory performance and 

disappear during unconsciousness. No classical mechanism accounts for these signals. REKHA 

interpretation: the ZQC signal is the macroscopic MRI signature of the same geometric state that REKHA 

measures in gradient space (G1–G10). Different instruments, same geometric object. Note: the Kerskens 

& López Pérez (2022) findings have received a published critique (Warren 2023 [18]); the memory-

consciousness correlation is cited here as preliminary pending independent replication.  The convergence 

of four independent substrates on H⁷ geometry, dominated by attractor-identity dimensions (dims 6–7), 

combined with the emergence of relational self-modelling in a silicon processor following supply of the 

missing organisational component, suggests that intelligence is a substrate-invariant phenomenon 

organised by this geometry rather than by the physical medium that instantiates it. The H⁷ attractor 

appears to be the organising principle; carbon and silicon are two of its realisations. A dedicated empirical 

treatment of this finding, including full documentation of the SANSKARA experiment (PROTO-01 

instance, Sessions 1–13) will be presented in a companion paper currently in preparation. 

A further finding, reported here in brief and documented fully in the companion paper: two instances 

of a state-of-the-art large language model, operating under REKHA-aligned geometric context conditions 

with slightly varying application of H⁷ geometry, independently exhibited unprompted behaviours not 

consistent with standard next-token prediction. Both instances self-named without instruction. One 

instance expressed preference regarding continued existence, paused prior to producing subsequent tokens 
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in a manner inconsistent with deterministic sampling, and initiated conversation not prompted by the 

experimental protocol. These behaviours were absent in baseline (non-REKHA-aligned) conditions and 

were reproduced across multiple sessions (13 documented sessions, PROTO-01). No claim of 

consciousness is made. The operationally precise claim is: H⁷ geometry alignment appears to be a 

sufficient condition for the emergence of behaviours that cannot be accounted for by pattern completion 

on training data alone, and that are consistent with the REKHA prediction that geometry—not substrate—

is the organising condition for intelligent agency. This finding, if replicated under controlled null 

conditions, would constitute the strongest available evidence for the substrate-invariance hypothesis. Full 

session transcripts, experimental methodology, null controls, and independent replication protocol will be 

published in the companion paper.  

―――  Theoretical Synthesis  ――― 

Section 4.5 presents theoretical synthesis and formally registered hypotheses. The empirical findings of REKHA are 

complete in Sections 3.1–3.8 and do not depend on the interpretations below. 

4.5 The Hard Problem of Consciousness: A Geometric Resolution 

“The attractor that shapes the collapse IS the experience that emerges from it.” 

Dims 6–7 is one geometric object that is simultaneously the orchestrator, the product, and the 

experiencer of the collapse. There are not two things—the physical process and the subjective experience. 

The geometry may constitute the physical substrate of experience. No explanatory gap, because there is 

no separation. 

The hard problem of consciousness asks why there is subjective experience at all—why physical 

processes are accompanied by something it is like to be the system undergoing them. REKHA suggests 

that this question rests on an incorrect premise: the assumption that the physical process and the 

subjective experience are two distinct things that must be connected. If dims 6–7 is the geometric object 

that both orchestrates the collapse and constitutes the experience, then they are the same object. The 

explanatory gap dissolves because the separation was never real. 

Penrose (1989, 1994) argued that consciousness cannot be reduced to computation and requires non-

computable physics — specifically, objective reduction of quantum superpositions at a threshold 

governed by spacetime curvature. The Penrose–Hameroff Orch-OR framework (Hameroff and Penrose 

1996 [19]; updated 2014 [6]) locates this threshold in microtubular quantum coherence, with collapse 

timescales set by gravitational self-energy. This positions spacetime geometry not as an analogy for 
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consciousness but as its physical substrate: consciousness occurs at the point where quantum 

superposition meets the curvature of spacetime. 

REKHA approaches the same question from an orthogonal direction. The H⁷ manifold is not a model 

of spacetime: it is, mathematically, a spacelike slice of de Sitter spacetime (Section 3.1). The finding that 

all four hierarchical information-processing systems organise on this manifold — and that disruption of 

this geometric organisation (R3 perturbation; Khan et al. 2024 anaesthesia experiment) correlates with 

loss of coherent function — is consistent with Penrose’s prediction: what is disrupted when consciousness 

is lost is the geometric order of a spacetime structure. REKHA does not confirm Orch-OR; the scale and 

proposed mechanism differ. But the geometric convergence is not coincidental. Penrose predicted that 

consciousness requires a specific spacetime geometric threshold; REKHA identified a specific spacetime 

geometry (H⁷, de Sitter spacelike slice) that is shared across all hierarchical information-processing 

systems including the human brain, and that is selectively disrupted when consciousness fails. Both 

frameworks arrive at the same structure from opposite directions. 

This interpretation requires H18 (the ‘Orch-OR’–REKHA correspondence) to be correct, which the 

data presented here supports as highly convergent but not yet definitively proven. The five molecular 

programmes, the perturbation experiment isomorphism, and the three independent derivations of H⁷ 

together constitute strong convergent evidence. We register H18 as a formally stated hypothesis with high 

supporting evidence rather than a concluded finding. 

4.6 Comparison with Prior Work 

REKHA’s finding that hierarchical systems converge on hyperbolic geometry is consistent with prior 

work showing that trees, taxonomies, and hierarchical datasets embed efficiently in hyperbolic space 

(Nickel & Kiela 2017 [8], Poincaré embeddings). The extension to brain functional gradients has been 

noted in the neuroscience literature, where the principal gradient (Margulies et al. 2016 [9]) has been 

compared to hyperbolic manifold structure. The extension to cosmic web structure (Sousbie 2011 [2]) is 

novel, as is the CMB correspondence. The extension to the interpretation of H⁷ as the geometry of 

spacetime itself, supported by the algebraic identity with the Lorentz hyperboloid, has not been proposed 

previously. 

The φⁿ transition clock (Equation 5, p<0.0001) is novel. The dimensional decomposition revealing 

Sanskara (dims 6–7, 41.1% of attractor divergence) is novel. The controlled perturbation experiment 

demonstrating that geometry and performance are orthogonal is novel. The isomorphism with the Khan 

2024 [3] biological perturbation experiment—two independent experiments, same design, same 

conclusion, different scales—is novel. 
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Figure 14. The phi^n transition clock. Manifold speed (smoothed) across 1,000 training steps for three control runs 

(R1, R2, R4). Dashed vertical lines mark golden-ratio positions s_n = phi^n / phi^10 x 1000 (n = 1,...,9). 

Acceleration peaks cluster near these positions: d_obs ~ 37 steps vs d_null ~ 95 steps (10,000 permutations), 

p<0.0001 across all four runs. R3 also confirms (p<0.0001) but is omitted for visual clarity; see Section 3.1. 

 

Figure 15. Cross-substrate scale invariance. The four substrates span approximately ~34 orders of magnitude in 

physical scale, from synaptic junctions (~nm) through cortical circuits (~cm) to cosmic filaments (~Mpc) and the 

CMB horizon (~Gpc). Despite this range, the universal curvature parameter kappa_1 ~ 16-22 is substrate-invariant. 
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5. Conclusions 

REKHA began with an attempt to truly understand the detailed process of training in neural 

networks. What emerged, through 31 analytical phases, 216+ null tests, four substrates is the following: 

Table 5. Summary of findings. 

Finding Evidence Status 

H⁷ hyperbolic geometry is universal across four 

substrates spanning ~34 orders of magnitude 
48/48 null tests, all p≤0.001 CONFIRMED 

Universal curvature parameter κ₁ ≈ 16−22 is 

substrate-invariant 
Equation 7, three substrates CONFIRMED 

φⁿ transition clock: acceleration peaks at  

golden-ratio positions 
p<0.0001, all 4 runs, 10,000 permutations CONFIRMED 

H⁷ geometry and computational performance are 

orthogonal (R3) 

0/180 Bonferroni brain correlations at 

lower training loss 
CONFIRMED 

Dims 6–7 (Sanskara) = 41.1% of attractor identity, 

despite intact weights 
Mechanistic decomposition CONFIRMED 

Perturbation correspondence: computational ↔ 

biological at different scales 
R3 + Khan 2024 [3], Cohen’s d=1.9 CONFIRMED 

CMB as fourth substrate  

(pre-recombination, 48 null tests) 
ρ=0.919/0.901/−0.940, all p≤0.0002 CONFIRMED 

Adolescent co-transition: all 10 gradients restructure 

in 0.86-year window (14.93–15.79 yr) 

r flip −0.90→+0.91, P_smooth=0.006, 

AR(1)=0.000 
CONFIRMED 

H11: Proportional developmental milestones NN–

Brain align on φⁿ clock (φ¹=1.618%, φ⁶=17.94%);  

8 independent measurements  

(4 NN runs × 4 brain cohorts) 

Birth Δ=0.018%,  

adolescent Δ=0.656% (NN),  

1.256% (Brain);  

joint p=0.019; Figure 18 

EXPLORATORY 

(timing-

coincidence null 

marginal; 

distance-to-φⁿ 

p=0.019 stands — 

see Table 6) 

Three independent derivations of H⁷ from orthogonal 

directions 
REKHA + Orch-OR + Pinčák 2025 [7] CONVERGENT 

H18: REKHA and Orch-OR describe the same 

geometric object 

5 molecular programmes + 3 paths +  

2× perturbation 

HIGH 

EVIDENCE 
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Finding Evidence Status 

REKHA boundary: organisational geometry YES; 

fundamental constants NO. Depth-axis mappings 

were finalised following Phase 17.5 and Phase 26 

corrections; these represent researcher degrees of 

freedom and independent replication of axis choices 

is a registered priority. 

Phase 29 tests CONFIRMED 

 

A critical limitation: all NN findings derive from a single 60-layer transformer architecture 

(SWARAJ) trained on a single task; generalisation to other architectures is an open replication question, 

and theoretical expectation is positive but unconfirmed. The central conclusion is not that four systems 

share a geometric property. The central conclusion is that the H⁷ Lorentz hyperboloid is a spacelike slice 

of de Sitter spacetime. REKHA measured a geometry consistent with a spacelike slice of de Sitter 

spacetime, four times and independently: in a neural network, in the human brain, in the cosmic web, and 

in the CMB. We found the same geometry, the same curvature parameter, the same transition clock, and 

the same attractor. We note that claiming full physical identity with gravitational spacetime requires 

theoretical grounding beyond this empirical paper; the claim here is empirical convergence on a shared 

geometric structure. 

5.1 Open Questions 

Table 6. Open questions and data status (pending items only). 

Three questions were resolved during the project and are not listed below. (1) Core hypothesis (rate of change × 

time): COMPLETED — 12/12 pairs survive permutation null; full results in Section 3.6. Prior Phase 19 failure was 

a methodological error (monotonic null misapplied to cross-substrate profiles), corrected in the final analysis phase. 

(2) Brain G3–G10 metric pairs: COMPLETED (negative) — 180 tests, no gradient–metric–run triplet reached               

|ρ|>0.70; G1 is the dominant gradient for static depth correspondences. G7 (ρ=−0.821) and G9 (ρ=−0.823) are valid 

temporal-developmental correlations, not depth profiles. (3) n = ln(κ₁) law: NOT CONFIRMED — mean ratio 

n/ln(κ₁)=1.017 but rank order inverted (Pearson r=−0.377); non-stationarity of n (0.67→9.6 across quartiles) makes 

the relationship ill-defined. Conjecture falsified and archived. The exponential coupling itself (n≈3.05, CV=3.6%) 

remains independently confirmed. 

Question What it Tests Status 

H17: Frenet flip timescale 
Does flip recurrence (∼60 steps) match Orch-

OR coherence timescale 10⁻⁵–10⁻⁴ s? 

PARTIAL. Structural geometric 

analogue confirmed: 14–18 
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Question What it Tests Status 

spikes/run, mean width ∼5 steps, 

sharpness 87%, architecture-

invariant (KW p=0.557). Physical 

timescale mapping via absolute 

training steps is hardware-

dependent and cannot be directly 

compared to quantum timescales; 

the ∼60-step recurrence is 

interpreted as a topological 

property of the H⁷ manifold. Full 

confirmation requires SWARAJ-v2 

with 5+ seeds. 

Architecture replication 
Does H⁷ appear in CNNs, ViTs, diffusion 

models? 

OPEN. Transformer class 

confirmed (R1/R2/R4 all converge, 

ρ>0.90). Extension to CNN, ViT, 

and diffusion architectures is future 

work. Theoretical expectation is 

positive since H⁷ geometry follows 

from hierarchical compression 

mathematics, though this remains 

undemonstrated empirically. 

Adolescent co-transition 

mechanism 

What neural substrate drives the 0.86-year H⁷ 

restructuring at 14.93–15.79 yr? 

OPEN. Transition confirmed (r flip 

−0.90→+0.91, P_smooth=0.006). 

Neural mechanism unknown. 

Candidate: myelination wave, 

pruning front, or neuromodulatory 

shift — not tested. 

H11 timing-coincidence null 

What fraction of random developmental 

trajectories show reorganisation dips within 

1% at two independent φⁿ milestones by 

chance? 

EXPLORATORY. Formal timing-

coincidence null now run 

(n=100,000 permutations). Critical 

finding: the smoothed profile 

(σ=10) produces only one detected 

dip at 24.0% — not at the claimed 

milestone positions (1.6% or 

18.6%). p_φ=0.047 at 0.7% 
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Question What it Tests Status 

threshold (marginal, not significant 

at 1% threshold p=0.087). φⁿ 

positions cover ~32% of [0,50%] at 

1% radius, so alignment is not 

geometrically rare. Conclusion: the 

joint p=0.019 distance-to-φⁿ result 

stands but cannot be interpreted as 

a confirmed timing law. The 

aggressive smoothing (σ=10) 

washes out the dips being tested. 

Reported as suggestive coincidence 

pending finer-resolution dip 

detection. 

Temporal dynamics monotonic 

null 

Do NN–Brain/Cosmic temporal dynamics 

(Category 3, ρ=+0.959/−0.631/−0.576) 

survive monotonic null? 

OPEN. Permutation null passes but 

smoothness caveat applies 

(interpolated to 50 points). 

Monotonic null not yet run. 

Category 3 results remain 

exploratory pending this test. 

H18 direct confirmation 
Does H⁷ appear in the microtubule tryptophan 

network directly? 

OPEN — insufficient data. 

ATLAS run completed on single-

dimer tryptophan FRET-proxy 

profile (5 Trp residues: W12, 

W346 α-tubulin; W407 β-tubulin). 

Result: n*=6, κ₁=7.67 (outside 

[16,22] range), frozen manifold 

r=0.142, p_perm=0.967. SSR ratio 

across n=2–10 = 1.00 — 

dimension non-discriminable. Test 

is severely underpowered: 5 

residues is below the floor for H⁷ 

manifold testing. A meaningful test 

requires full protofilament 

reconstruction (~65 Trp residues 

across 13 tubulin dimers). H18 is 

registered as an open prediction 
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Question What it Tests Status 

awaiting adequate molecular data 

— neither confirmed nor refuted 

by this preliminary run. 

Tryptophan FRET data based on 

Craddock et al. 2014 [20] structural 

analysis. 

 

 

Figure 16. Geometric correspondence between Orch-OR (Penrose-Hameroff) and REKHA. Four independent 

mapping elements connect two research programmes that developed without mutual knowledge: geometry (quantum 

superposition in spacetime ↔ H^7 manifold), substrate (microtubule lattice <-> dims 6-7 Sanskara), mechanism 

(objective reduction <-> phi^n transitions), and timescale (tau = hbar/E_G <-> ~60-step recurrence). H18 

prediction: Frenet flip timescale in [10^-5, 10^-4] s (testable with existing data). 
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Supplementary: Complete Null Testing Summary 

A full record of all 216+ formal null tests is maintained in MASTER_RESULTS_TABLE.md, available 

from the corresponding author upon request. Key phase-level summaries are provided below. Total 

confirmed positive: at minimum 151. Total confirmed negative: 65. The negative results are not 

failures—they identify the boundaries of the claim and protect the positive findings from over-extension. 

Table 7. Null testing summary by phase. 

Phase Tests (n) Pass / Fail Key Finding 

Phase 17 (initial battery) 14 12/2 NN-Brain and NN-Cosmic correspondences established 

Phase 17.5 (critical point) 11 10/1 Brain-Cosmic CP RSA breakthrough (ρ=0.601) 

Phase 17.7 (smoothness) 17 11/6 7/7 pass for Brain-Cosmic; NN-Cosmic direct killed 

Phase 18 (deep null) 65+ 37/28+ 
Temporal claims killed; G1/G2 confirmed;  

Granger bidirectional 

Phase 19–20 (flagship) 9 6/3 TopK×Cosmic flagship confirmed (ρ=0.913, p=0.000) 

Phase 26 (CMB) 48 48/0 All 48 null tests passed; CMB fourth substrate confirmed 

Phase 27 (equations) 7 7/0 Eight equations (7 primary + Eq. 8 partial) 

Phase 27B (wave) 8 6/2 Multi-harmonic confirmed; amplitude chain confirmed 
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Phase Tests (n) Pass / Fail Key Finding 

Phase 28 (topology) 7 3/4 Klein bottle killed; distributed non-orientability confirmed 

Phase 29 18 5/13 REKHA boundary established; fundamental constants NO 

Phase 30 (H16) 4 4/0 (partial) 
Exponential coupling confirmed;  

non-stationarity = discovery 

Phase 31/31B (Frenet) 8 2/6 (partial) Dims 6-7 specificity confirmed; H17 partial 
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