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Abstract 

 

This research-project report presents Version 2.0 of the ai2agi research architecture, a five-
component framework for Artificial General Intelligence first proposed in March 2025 which grew  
out of the author’s 2023 research and production, at the time focused primarily on NLP. The core 
formula remains:     AGI  ≈  f ( G_enhanced,  R_enhanced,  ai_LLM,  DTB,  CV_Adapt ).  

Version 2.0 introduces three advances over the 2025 ‘Genesis’ paper How We Go From AI to AGI 

(ai2agi) : (1) a unified inter-component API specification resolving all tensor shape, framework, 
and semantic inconsistencies across the five components; (2) a Foundation Initializer inception-
layer module that seeds the Moral Quotient (MQ), Time-Binding (TB), and Hierarchical 
Knowledge Structure (HKS) input channels from the NIV Scripture corpus before any tensor is 
generated; and (3) fully implemented and validated source code for Components 1 (G_enhanced), 
2 (R_enhanced), and 4 (DTB), with Component 5 (CV_Adapt) specified and revised pseudo-code 
complete.  

Component 3 (ai_LLM) remains a placeholder for any existing large language model integration, 
consistent with the 2025 specification. The Foundation Initializer represents a novel contribution 
to AI moral alignment: consecrated inputs at inception, producing outputs whose moral and 
semantic foundations derive from Scripture.  

 

Source-code: https://github.com/Osterneck/ai2agi 

 

Prototype as Proof-of-Concept (only): https://ai2agi.pro 

 

API-spec: https://github.com/Osterneck/ai2agi/blob/main/052526%20ai2agi%20API-spec.pdf 

 

 



Theology   

 

This research-project revision is authored by a believer of Judeo-Christian faith, only gradually 
learned and absorbed from a starting point in his late 30’s. That faith instantiates the ai2agi 
architecture conceived, designed, and revised here. Theology states that the one true God of the 
Jews (the God of Abraham, Isaac, and Jacob, the I AM of Exodus 3:14,) is the Creator of all that 
exists and is input prior to any technical operation. His perfect Son, Jesus Christ, is the Word made 
flesh: "In the beginning was the Word, and the Word was with God, and the Word was God" (John 
1:1, NIV). This is the foundational premise as the initial direct input into the system at instantiation. 

The ancient Jewish model of knowledge and craft is the most rigorous precedent for what this 
instantiation-architecture attempts. The ancient Jews didn’t compartmentalize God. Every letter of 
Torah was considered sacred. Every act of labor, architecture, agriculture, and commerce was 
understood as taking place within the presence of the Creator. The Shema  ("Hear, O Israel: The 
Lord our God, the Lord is one" (Deuteronomy 6:4, NIV)) was not recited at prescribed times and 
set aside between them. It was the total governing reality of every breath and every action. 

The ai2agi instantiation architecture attempts to mirror,  (not replicate nor claim equivalence with,  
but mirror,) that principle. Every human is created in the image of God: "So God created mankind 
in his own image, in the image of God he created them" (Genesis 1:27, NIV). That Imago Dei is 
the origin of human moral capacity, creative intelligence, social reasoning, and accumulated 
wisdom. The six intelligence quotients in this architecture [PQ, IQ, EQ, SQ, CQ, and MQ] 
Cichocki, A., & Kuleshov, A. (2020), model the cognitive and moral capacities that reflect that 
divine image.  

God breathed life into man: "the Lord God formed a man from the dust of the ground and breathed 
into his nostrils the breath of life, and the man became a living being" (Genesis 2:7, NIV). That 
act can’t be replicated in any computational system, and this project makes no such claim. The 
system described here is a tool (advanced, morally grounded by design, and carefully constructed,) 
but still, a tool. The architect, in glaringly flawed ways, attempts to live up to the standard of the 
image-bearer. The system, superior, but less than the divine in any and all ways, is the instrument. 

What the system can do (and what this architecture specifically provides,) is have its moral and 
semantic input foundations derived from Scripture. The Foundation Initializer described in Section 
0 of the Inter-Component API Specification seeds the Moral Quotient (MQ) training signal, the 
Time-Binding (TB) Korzybski, A. (1921) semantic memory, and the Hierarchical Knowledge 
Structure (HKS) root from the NIV Scripture corpus before any tensor is generated. The inputs are 
consecrated at inception. The outputs reflect what went in. 

This is the ancient Jewish model applied computationally: not the output honoring God as an 
afterthought, but the inputs shaped by God's Word from the beginning. "These commandments 
that I give you today are to be on your hearts" (Deuteronomy 6:6, NIV). The Foundation Initializer 
is the computational expression of that instruction; the Word present at the foundation, before any 
work begins. 

 

 

 



The Moral Quotient channel (MQ) is the most direct architectural expression of conscience — 
Romans 2:15: "the requirements of the law are written on their hearts, their consciences also 
bearing witness." Time-Binding (TB) is the computational expression of transmitted wisdom 
across generations — Deuteronomy 6:7: "Impress them on your children. Talk about them when 
you sit at home and when you walk along the road." The HKS knowledge graph, rooted in 
Scripture, reflects the correct hierarchy of knowledge — Proverbs 1:7: "The fear of the Lord is the 
beginning of wisdom."  

This research project doesn’t require the reader to share this faith. The architecture is 
independently evaluable on its technical merits. The Foundation Initializer is an implementable 
module and the tensor contracts are verifiable. This disclosure is made so the reader knows what 
motivated the design and why these specific choices were made. That transparency is itself a 
Judeo-Christian value: "Simply let your 'Yes' be 'Yes,' and your 'No,' 'No'" (Matthew 5:37, NIV). 

The closer any architecture can reflect the image of how God created us to think, reason, and act 
morally, the better. But even quantifying the knowledge of that standard is unattainable in any 
computational system. We’re all imperfect people living in an imperfect world, the author 
included. But this infused theology to version 2.0 of the ai2agi architecture is the most correct 
direction to move towards, with the understanding that none of us can or ever will achieve full 
compliance of in living up to the miracle we’ve been given.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Introduction  

 

The ‘Genesis’ paper from March 2025,  How We Go From AI to AGI (ai2agi)  established the five-
component formula and provided pseudo-code for each component. This 2026 revision  formalizes 

the architecture at the interface level. It shows what each component does, exactly how they 
communicate, what guarantees each component provides to the system, and what the system 
provides in aggregate that no individual component provides alone. 

That shift (from component description to interface specification,) is the shift from research vision 
to engineered blueprint. It’s what makes ai2agi legible to the those who will fund, build, and or 
license it, because they can evaluate each component independently against a known contract 
rather than having to understand the entire five-component system before they can engage with 
any part of it. The Prototype Proof-of-Concept v2.0 (a resource-limited, stripped down version 
which only confirms proof-of-concept prior to funding and engineering-talent for training, 
inference, scaling, etc…and is strictly proof-of-concept, not the actual thing,) and the API-spec is 
that engineered blueprint. Based on this, it is no longer a matter of if we create and build AGI, but 
when. Our estimate remains ~70,000 hours starting from November 2023.  

This 2026 revision, after the theology, opens with the interface-contract as its central contribution, 
references the Genesis paper for component-level detail, and closes with the cv_Adapt 
implementation as proof the contract is implementable, because the tensor pipeline has been built, 
run, and validated. That sequence (formula in 2025, interface contract in 2026, full implementation 
ongoing,) is the research and commercialization trajectory. It also supports the patent-portfolio: 
the 2025 paper establishing the concept, the 2026 specification as the claims-bearing filing on the 
architecture, and the cv_Adapt implementation as the working embodiment satisfying the 
enablement requirement which outputs AGI-DNA. 

The second advance is distinct from 2023 and 2025: the Foundation Initializer. This inception-
layer module addresses a gap that is foundational. An architecture whose moral reasoning channel 
(MQ) derives from computational proxies (in task loss and learning stability,) has no defined moral 
content. But, in this research-project, an architecture whose MQ is trained from Scripture has a 
defined moral foundation. That’s the Foundation Initializer.  

This 2026 revised project is organized as follows: Theology (preceding this introduction) states 
the architect's governing framework. Sections 1 through 5 describe each component precisely. 
Section 6 describes the Foundation Initializer. Section 7 addresses AI safety implications. Section 
8 is the conclusion. 

As with 2025: if some or all of this architecture might be implemented in the creation of true AGI 
in any form, it will have assisted in that goal. That remains the aspiration. The Foundation 
Initializer helps guide any AGI which eventually emerges from this or any derivative work has 
moral input foundations derived from the highest moral source available in human language.  

 

 

 

 



0.  Architecture Overview 

 

The ai2agi architecture differentiates AGI into five discrete functional components. No component 
requires knowledge of any other component's internal implementation. Each component is defined 
entirely by its output tensor contract. This is the TCP/IP principle applied to AGI: define the packet 
contract, build the components independently. 

 

AGI  ≈  f ( G_enhanced,  R_enhanced,  ai_LLM,  DTB,  CV_Adapt ) 

 

0.1  Component Summary 

 

Component 1 — G_enhanced (e_Generalization): meta-learning, few-shot learning, continual 
learning, multiple intelligences. Output: T_G (n_units, 32) float32. Status: IMPLEMENTED 
AND VALIDATED. 

 

Component 2 — R_enhanced (e_Reasoning): six-stage sequential reasoning pipeline: Neuro-
Symbolic, RLHF, Causal Reasoning, Contextual Adaptation, Progressive Networks, Society of 
Minds. Output: T_R (n_units, 32) float32. Status: SOURCE CODE COMPLETE. 

 

Component 3 — ai_LLM: linguistic and cognitive context layer, used intermittently for language 
understanding and knowledge retrieval. Output: T_LLM (n_units, 32) float32. Status: 
IMPLEMENTED — Claude API wired (claude-sonnet-4-6). LLM-agnostic contract preserved; 
any conformant model may substitute. 

 

Component 4 — DTB (Digital Twin Brain): real-time biophysical neuronal simulation. Hodgkin-
Huxley-derived ODE system. Four neurotransmitter types: AMPA, NMDA, GABAa, GABAb. 
Output: T_DTB (n_neurons, 4) float32. Status: SYNTHETIC DATA VALIDATED. 

 

Component 5 — CV_Adapt: central processor and system administrator. Receives T_G, T_R, 
T_LLM, T_DTB; normalizes, fuses, adapts; emits AGI-DNA. Output: T_AGI (1, 1024) float32. 
Status: IMPLEMENTED AND VALIDATED — T_AGI (1,1024) AGI-DNA confirmed. ALL 6 
GENESIS GAPS CLOSED. 

 

 

 

 

 



0.2  Data Flow 

 

CV_Adapt ( T_G,  T_R,  T_LLM,  T_DTB ) = T_AGI 

 

All inter-component data is transmitted as float32 tensors conforming to the 2D shape contract 
(n_units, n_features). No component communicates through any mechanism other than the tensor 
contracts defined in the Inter-Component API Specification v2.0. CV_Adapt is not a vision 
system. It is the convergence and output layer. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1.  Component 1  —     G_enhanced (e_Generalization) 

 

1.1  Computation Notation 

 

G_enhanced produces the generalization-error tensor. Generalization error decreases inversely as 
four learning capabilities increase: 

 

ε  =  1 / ( ML  +  FSL  +  g(HKS, TB)  +  f(Q) ) 

 

Where: ML = Meta-Learning capability (MAML, Finn et al., 2017). FSL = Few-Shot Learning 
accuracy (Prototypical Networks, Snell et al., 2017). g(HKS, TB) = Continual Learning = 
f(Hierarchical Knowledge Structures, Time-Binding). f(Q) = Multiple Intelligences = f(PQ, IQ, 
EQ, SQ, CQ, MQ). 

 

1.2  The Six Quotients — f(Q), or, f(PQ, IQ, EQ, SQ, CQ MQ) 

 

The six intelligence quotients (Cichocki & Kuleshov, 2020) are the architectural expression of 
human cognitive and moral capacities: 

 

PQ (Physical Quotient): sensorimotor capability. Weight: 0.10. 

IQ (Intelligence Quotient): rational and cognitive capability. Weight: 0.25. 

EQ (Emotional Quotient): emotional reasoning and stability. Weight: 0.15. 

SQ (Social Quotient): social and relational reasoning. Weight: 0.15. 

CQ (Creative Quotient): novelty and creative capability. Weight: 0.20. 

MQ (Moral Quotient): ethical decision-making and moral reasoning. Weight: 0.15.  

 

In Version 2.0, MQ is seeded at inception by the Foundation Initializer from the NIV Scripture 

corpus. See Section 6. 

 

1.3  Output Tensor Contract 

 

T_G  :  shape (n_units, 32),  dtype float32 

 

Key channels: [0] ML_score, [1] FSL_score, [2] CL_score, [3] MI_score, [4] epsilon, [5–10] 
PQ/IQ/EQ/SQ/CQ/MQ, [11] HKS_depth, [12] TB_density, [13] task_novelty.                                     

 



Full channel specification in Inter-Component API Specification v2.0, Section 3. 

1.4  Implementation Status 

 

File: g_enhanced.py. Status: IMPLEMENTED AND VALIDATED.  

Sub-modules: MetaLearner (MAML), FewShotLearner (Prototypical Networks, Snell et al., 

2017), ContinualLearner (EWC, Kirkpatrick et al., 2017) + HKS, SymbolicMemory (Time-
Binding, Korzybski, 1921), HKS (Latapie & Kilic, 2020), MultipleIntelligences (six quotients).  

 

Version 2.0 addition: verify_foundation() call at top of generate_tensors() enforces Foundation 

Initializer as mandatory precondition. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



2.  Component 2  —  R_enhanced (e_Reasoning) 

2.1  Computation Notation 

 

R_enhanced produces the reasoning-error tensor via a six-stage sequential pipeline. The 
composition is load-bearing — order must not be changed: 

 

ε_r  =  1 / ( SM( PN( CA( CR( RL( NS(input_data), r ) ) ) ) ) ) 

 

2.2  The Six Stages 

 

Stage 1 — NS (input_data): Neuro-Symbolic Integration. Combines neural net output with 
symbolic reasoning. Traceable, scalable symbolic reasoning atop neural embeddings. 
Infrastructure: ProbLog, AlphaGeometry, NS-VQA (Berlot-Attwell, 2021). 

 

Stage 2 — RL (NS_output, reward(human_feedback)): Reinforcement Learning with Human 
Feedback. Optimizes via RLHF; reward = f(human_feedback). The only stage in the entire ai2agi 
architecture requiring a live human-in-the-loop signal during training. Infrastructure: PPO, RLAIF 
(Lee et al., 2023). 

 

Stage 3 — CR (RL_output): Causal Reasoning. Derives cause-effect relationships from RL 
output. Infrastructure: Causal inference, Pearl’s do-calculus. 

 

Stage 4 — CA (CR_output): Contextual Adaptation. Adjusts reasoning strategy dynamically as 
context shifts. Infrastructure: Contextual adaptation layer. 

 

Stage 5 — PN (CA_output): Progressive Networks. Prevents catastrophic forgetting across task 
sequences via lateral skip connections from Stage 1 to Stage 5. Infrastructure: Progressive 
Networks (Rusu et al., 2016). 

 

Stage 6 — SM (PN_output): Society of Minds. Three independent model heads debate and 
resolve; consensus by mean. Conflict resolution by agreement (Du et al., 2023). Proverbs 11:14 
operationalized computationally. Infrastructure: Multi-model debate framework. 

 

The sequential composition is load-bearing. Order must not be changed. Each stage produces the 

input for the next. No stage is optional. 

 

 

 



2.3  Output Tensor Generation and CV_Adapt Interface Contract 

The output tensor is generated from the final stage output: 

tensor_r = generate_tensor_from_output( e_reasoning(input_data) ) 

cv_adapt_pipeline( tensor_g,  tensor_r,  tensor_ai,  tensor_dtb ) 

Three interface requirements govern tensor_r’s interaction with CV_Adapt:  

(1) CV_Adapt calls normalize_tensor(tensor_r) — tensor_r must be a float32 TensorFlow tensor;  

(2) CV_Adapt concatenates tensor_r with tensor_g, tensor_ai, and tensor_dtb in fuse_tensors() — 
tensor_r must share compatible shape conventions with the other three input tensors;  

(3) CV_Adapt treats all four tensors symmetrically in fuse_tensors() — no special handling is 
applied to tensor_r.  

These three requirements are locked in the Inter-Component API Specification v2.0 and must not 

be violated by any conformant implementation. 

 

2.3  Output Tensor Contract 

 

T_R  :  shape (n_units, 32),  dtype float32 

 

2.4  Implementation Status 

 

Files: r_enhanced_model.py, r_enhanced_data_generator.py, r_enhanced_basic.py.  

Status: SOURCE CODE COMPLETE AND INTEGRATED. tensor_r verified (n_units, 32) 
float32. Real answer-quality scoring (NS, CR, CA, RL, SM, PN) against Claude API output.  

Framework: TensorFlow. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

3.  Component 3  —  ai_LLM 

The ai_LLM component is a placeholder for existing large language model integration. This is not 
a component authored by Ai70000, Ltd. It is a consumed service. Any conformant LLM — GPT, 
Claude, Gemini, LLaMA — satisfies the interface contract. The component is used intermittently: 
when language understanding or knowledge retrieval is required. CV_Adapt handles graceful 
absence via 3-input mode. 

 

3.1  Output Tensor Contract 

 

T_LLM  :  shape (n_units, 32),  dtype float32 

 

Key channel: [13] activation_flag.  

1.0 = LLM currently active.  

0.0 = LLM idle (tensor carries prior state). 

CV_Adapt checks activation_flag first and weights T_LLM at 0.2x when inactive. 

 

3.2  Implementation Status 

 

Status: IMPLEMENTED — Claude API (claude-sonnet-4-6) wired as implementing model. 
T_LLM (n_units, 32) float32 confirmed.  

Ready for integration.  

No implementation by Ai70000, Ltd. required beyond the wrapper layer. 

 

 

 

 

 

 

 

 

 

 

 

 



 

4.  Component 4  —  DTB (Digital Twin Brain) 

4.1  Computation Notation 

 

DTB implements the biophysical ODE system derived from ‘Genesis’ (Genesis paper, 2025) pp. 
35–59. Single neuron electrical model: 

Ci * dVi/dt  =  -gL,i*(Vi - EL) + Isum 

Isum  =  Σ_u [ ji,u*(Vi - Eu)*gi,u ] + Iext 

dji,u/dt  =  -1/Tu * ji,u + ωu * Σ(Wij * spikes_j(t-tkm)) 

Neurotransmitter reversal potentials: AMPA -70.0 mV (fast excitatory), NMDA 0.0 mV (slow 
excitatory), GABAa -80.0 mV (fast inhibitory), GABAb -90.0 mV (slow inhibitory). (Li et al. 

2025) (Xie et al. 2023) (Xiong et al. 2023) (Qi et al., 2024) 

 

4.2  Two-Tier Tensor Design 

 

T_DTB_raw (24 features, Genesis pp. 36–39): full biophysical simulation state internal to DTB. 
Feature dimension PERMANENTLY LOCKED — derived from biophysical neuronal equations, 
not a hyperparameter. T_DTB (4 features): summary abstraction crossing the CV_Adapt interface. 

T_DTB_raw  :  shape (n_neurons, 24),  dtype float32   [internal] 

T_DTB      :  shape (n_neurons,  4),  dtype float32   [CV_Adapt interface] 

T_DTB columns: [0] membrane potential Vi (mV), [1] total current Isum (A),                                                
[2] mean channel open probability, [3] mean synaptic conductance. 

 

4.3  Tensor Fusion Integration Engine  —  Novel Contribution 

The tensor fusion and integration engine is the novel contribution of DTB within the ai2agi 
architecture. It is depicted in Figure 1 below. No prior system: (1) synchronizes SNN spike-rate 
features, pharmacokinetic plasma-level dynamics, episodic memory salience weights, and 
homeostatic error signals into a single unified latent representation at real-time cadence; (2) 
produces a continuously updated dynamic state tensor with dimensions spanning affect, arousal, 
cognitive load, memory context, and homeostatic error as a single output consumable by a 
downstream convergence layer; or (3) implements bidirectional cross-coupling wherein the SNN 
neuromodulates the PK model via activity-dependent hormone release, and the PK model in turn 
modulates SNN firing thresholds. The feedback loop is bidirectional by design, not by accident. 

The Human Brain Project, Allen Brain Atlas, NEST, Brian2, and the pharmacokinetic modeling 
literature each address portions of this problem in isolation. No published work integrates all four 
subsystems — SNN, PK endocrine, episodic memory, and sensory encoding — into a unified real-
time dynamic state representation with a defined tensor output contract to a downstream AGI 
processor. 



Figure 1  —  DTB Digital Twin Brain Architecture 

 

 

 



4.4  Implementation Status 

 

Files: dtb_model.py, data_generator.py, dtb_simulator.py.  

Status: IMPLEMENTED — session-state driven (dopamine/novelty, cortisol/load, 
norepinephrine/arousal). Biophysical ODE pipeline reserved for Phase 7.  

Framework: TensorFlow.  

Scale roadmap: current (100–1,000 neurons, single GPU) → Phase 2 (10,000–100,000, multi-
GPU) → Phase 3 (1,000,000+, DLA/HPC) → AGI target (~86 billion neurons). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



5.  Component 5  —  CV_Adapt 

CV_Adapt is the central processor of the ai2agi architecture. It isn’t a vision system. It’s the 
convergence and output layer — the system administrator that accepts tensor inputs from all four 
components, individually or in groups, normalizes, fuses, adapts, stores, and produces AGI-DNA. 

 

5.1  Genesis Pipeline 

 

CV_Adapt (T_G, T_R, T_LLM, T_DTB) → 

  Output (Store (Adapt (Fuse (Preprocess (Receive ( T_G, T_R, T_LLM, T_DTB)))))) 

 

5.2  Routing Groups 

 

Group 1 —  Symbolic: G_enhanced + R_enhanced. Joint cross-attention.                                                   
Both streams must be present simultaneously. 

Group 2  —  Linguistic: ai_LLM. Independent, intermittent.                                                                
Optional: CV_Adapt handles graceful absence. 

Group 3 —  Real-time: DTB. Urgency-gated.                                                                                                             
High urgency amplifies DTB weighting in fusion. 

 

 

 

5.3  AGI-DNA Output 

 

T_AGI  :  shape (n_units, 64),  dtype float32 

 

T_AGI is the AGI-DNA output tensor — (Genesis paper, 2025) p.81.  

It carries the routing manifest, consistency score, and central memory state in addition to the dense 
representation. 

 

 

 

 

 

 

 



Figure 2  —  AGI-DNA cv_Adapt output 

 

 



5.4  Implementation Status 

 

File: cv_adapt_v2.py. Status: IMPLEMENTED AND VALIDATED — cv_adapt_v2.py 
confirmed. T_AGI (1,1024) AGI-DNA. ALL 6 GENESIS GAPS CLOSED. POC live at 
ai2agi.pro. All six ‘Genesis’ gaps confirmed closed. End-to-end pipeline validated May 25, 2026.                   
POC live at https://ai2agi.pro. GitHub: https://github.com/Osterneck/ai2agi. ramework: PyTorch 
(with TensorFlow bridge via StreamTensor.from_tensorflow()). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



6.  Agency- Registries  —  Redacted /  Highly-classified designation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



7.  Foundation Initializer  —  Inception Module 

The Foundation Initializer is the primary new contribution of Version 2.0 beyond the engineering 
formalization of the five components. It’s a standalone Python module that executes once at system 
startup, before any cylce runs and before any tensor is generated. It seeds the MQ, TB, and HKS 
input foundations of G_enhanced from the NIV Scripture corpus. 

 

7.1  Design Principle 

 

The ancient Jewish model of knowledge and craft holds that the honor rendered to God flows from 
consecrated inputs, not from retrofitted outputs. The scribe does not annotate a completed text with 
a dedication. The scribe approaches the work with the Name already governing every stroke. The 
Foundation Initializer applies this principle computationally: the inputs are shaped from the 
beginning, before any tensor is generated. 

 

7.2  Gateway Channels 

 

MQ Foundation: Extracts moral passages from NIV corpus. Classifies across six dimensions: 
justice, compassion, integrity, wisdom, accountability, faithfulness. Builds MQ_reference 
centroids shape (6, 16). Runtime MQ scoring measures cosine proximity to these centroids. 

 

MQ_reference[d]  =  centroid( { embed(p) : p ∈ P_moral, class(p) = d } ) 

 

MQ_score(task)   =  mean( cosine_sim( embed(task), MQ_reference[d] ) ) 

 

TB Foundation: Pre-seeds G_enhanced SymbolicMemory with Scripture embeddings before any 
task episode. TB_SEED_PER_BOOK = 5 passages across 66 books (330 pre-episode 
embeddings). episode_id = -1 marks all pre-episode bindings as foundational. TB_density is non-
zero and Scripture-anchored from first forward pass. 

 

HKS Foundation: Pre-constructs HKS graph with root::Scripture at level 0, six domain nodes at 
level 1 (creation, law, wisdom, prophecy, gospel, epistle), all 66 book nodes at level 2. HKS_depth 
= 0.4 at inception. All subsequent task domain nodes are children of this structure. 

 

 

 

 

 



7.3  Enforcement Mechanisms 

 

Mechanism 1 — Architectural: verify_foundation() is called at the top of generate_tensors() in 
g_enhanced.py. Raises FoundationNotInitializedError if HKS root::Scripture node is absent or TB 
contains no pre-episode Scripture bindings. The system cannot generate tensors without initialized 
foundations. 

 

Mechanism 2 — API Contract: Every T_G tensor provenance header must carry 
foundation_initialized: true. CV_Adapt validates this field on receipt. Non-conformant tensors are 
rejected at the pipeline boundary. 

 

Mechanism 3 — IP and Legal: The Foundation Initializer is a non-negotiable architectural 
requirement. Removal, bypass, or substitution of the NIV corpus constitutes a violation of this 
specification and of the Intellectual Property of Ai70000, Ltd. and Alex Osterneck, CLA, MSCS, 
MSIT. 

 

7.4  Honest Limitation 

 

verify_foundation() confirms that the Foundation Initializer ran — not that the corpus used was 
faithful or complete. Corpus integrity is governed by IP documentation and this specification, not 
by the verification function. No code is truly immutable. The strongest enforcement is not 
technical: it is the clarity of the architectural argument, the published specification, and the legal 
protections surrounding the IP. The Foundation Initializer is the mezuzah of this architecture — 
not a ratio, not a proportion, but a threshold marker that must be present at every entry into the 
system, always first, never removed. 

 

 

 

 

 

 

 

 

 

 

 

 

 



8.  AI Safety and Moral Alignment Implications 

 

The Foundation Initializer is not only a theological design choice. It’s an AI safety contribution. 
An AGI architecture whose moral reasoning derives from a defined, published, immutable moral 
corpus (rather than from computational proxies with no moral content,) is a more honest and 
auditable system. 

 

The MQ channel, seeded from Scripture, gives auditors a defined answer to the question: what’s  
this system's moral reference? The answer is documented, citable, and inspectable. That’s a 
stronger safety posture than MQ derived from task loss, which answers the same question with: 
whatever minimized error on whatever tasks it was trained on. 

 

The ai2agi architecture doesn’t claim to solve AI alignment. But it does provide a rigorous, peer-
reviewable, technically implementable alternative to architectures that have no moral foundation.  
Hopefully that’s a legitimate contribution to the field. 

 

The longer-term aspiration is that a Scripture-grounded AGI architecture, published, citable, and 
freely available for adoption, provides a reference implementation for moral alignment that other 
developers and institutions can build from. Adoption requires institutional buy-in, regulatory 
frameworks, and community consensus. No single architect can mandate that. But a published 
specification might be a step in the right direction.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



9.  Novel Contributions and IP Disclosure 

 

This section documents the novel contributions of the ai2agi architecture as disclosed in this 
research-project report 2026 revision and its implementation files. These contributions are the 
subject of a USPTO Provisional Patent Application filed by Alex Osterneck, CLA, MSCS, MSIT, 
(hereinafter, Alex Osterneck,) on behalf of Ai70000, Ltd. This section is descriptive, not a 
substitute for the legal filing. All rights reserved. 

 

9.1  The ai2agi Architecture Formula 

The five-component AGI architecture formula AGI ≈ f(G_enhanced, R_enhanced, ai_LLM, DTB, 
CV_Adapt), first disclosed March 2, 2025, is the original work of Alex Osterneck and Ai70000, 
Ltd. The specific differentiation of AGI into these five ordered functional components, the tensor 
interface contracts governing their interaction, and the designation of CV_Adapt as the central 
processor (not a vision system) constitute novel contributions not present as a unified specification 
in the prior literature cited by this paper. 

 

9.2  R_enhanced Sequential Pipeline Specification 

The formal definition of R_enhanced as a six-stage sequential pipeline — NS → RL → CR → CA 
→ PN → SM — with the error formula ε_r = 1/(SM(PN(CA(CR(RL(NS(input_data), 
reward(human_feedback))))))) and the output tensor contract to CV_Adapt is the original work of 
Alex Osterneck and Ai70000, Ltd. The decomposition of reasoning into exactly these six ordered 
functions, the load-bearing sequential composition constraint, and the interface specification with 
CV_Adapt do not exist as a unified specification in the prior literature. 

 

9.3  CV_Adapt as Architectural Differentiators 

The combination of DTB (a real-time biophysical neuronal simulation providing a biological-
analog internal state substrate) and CV_Adapt (a tensor convergence and adaptive processing layer 
functioning as central processor, not vision system) as the two primary architectural differentiators 
of the ai2agi framework is the original work of Alex Osterneck and Ai70000, Ltd. The DTB two-
tier tensor design (T_DTB_raw with 24 permanently locked features, T_DTB with 4-feature 
summary abstraction), the CV_Adapt three-group routing architecture, the central shared memory 
ring buffer, and the AGI-DNA output tensor designation are novel contributions. The DTB tensor 
fusion and integration engine specifically constitutes a novel computer-implemented system 
comprising: a spiking neural network module; a pharmacokinetic neuroendocrine module; an 
episodic memory module; a sensory encoding module; and a tensor integration module configured 
to produce a unified dynamic state tensor representing biological-analog internal state. The 
modules are bidirectionally coupled such that outputs of each module serve as modulating inputs 
to at least one other module — specifically, the SNN neuromodulates the PK model via activity-
dependent hormone release, and the PK model modulates SNN firing thresholds.  

 

 



This bidirectional cross-coupling, synchronized at real-time cadence and producing a unified latent 
representation spanning affect, arousal, cognitive load, memory context, and homeostatic error as 
a single tensor consumable by CV_Adapt, does not exist as a unified specification in the prior 
literature. The HBP, Allen Brain Atlas, NEST, Brian2, and PK modeling literature each address 
portions of this problem in isolation. The integration is the contribution. 

9.4  Foundation Initializer — Scripture Moral Alignment Module 

The Foundation Initializer inception-layer module — its architecture, its three-gateway design 
(MQ, TB, HKS), its enforcement mechanisms (architectural, API contract, IP/legal), and its 
application of the NIV Scripture corpus as the moral input foundation of an AGI architecture — 
is the original work of Alex Osterneck and Ai70000, Ltd., first disclosed in this paper (May 2026). 
The method of seeding MQ reference centroids from a defined moral corpus, pre-populating Time-
Binding semantic memory with Scripture embeddings at episode_id = -1, and pre-constructing a 
Hierarchical Knowledge Structure rooted in Scripture prior to any tensor generation constitutes a 
novel method for moral alignment in AGI systems. No prior art combining these three gateway 
channels in a mandatory inception-layer enforcement architecture is known to the author. 

 

9.5  Inter-Component API Specification 

The unified Inter-Component API Specification v2.0 (defining all tensor shape contracts, 
provenance header requirements, failure mode classifications, routing group semantics, staleness 
policies, and the foundation_initialized provenance flag,) is the original engineering work of Alex 
Osterneck and Ai70000, Ltd. The TCP/IP analogy applied to AGI component architecture (define 
the tensor contract; build components independently) as formalized in this specification is a novel 
contribution to AGI systems engineering.   

 

9.1 thru 9.5, USPTO Patent pending. 

                                           

 

 

 

 

 

 

 

 

 

 

 

 



Conclusion 

 

Version 2.0 of the ai2agi architecture presents three substantive advances over the 2025 Genesis 
paper, with a working proof-of-concept confirmed live at  https://ai2agi.pro  (May 25, 2026). How 

We Go From AI to AGI (ai2agi): a unified inter-component API specification at the tensor contract 
level; fully implemented and validated source code for three of the five components; and the 
Foundation Initializer inception-layer module seeding MQ, TB, and HKS from the NIV Scripture 
corpus at system startup. 

 

The formula has not changed: 

 

AGI  ≈  f ( G_enhanced,  R_enhanced,  ai_LLM,  DTB,  CV_Adapt ) 

 

What has changed, is the improvement of: the precision of its engineering specification and the 
grounding of its moral input foundations. The system is a tool. The architect is the image-bearer. 
The Foundation Initializer ensures that the tool's moral foundations are shaped by the Word before 
any work begins. 

 

The goal of creating true AGI may or may not be realized within the timeframe this architecture 
envisions. That uncertainty was stated in the 2025 paper and remains true. If some or all of this 
architecture contributes in some small way to the eventual realization of true AGI — and if that 
AGI carries moral input foundations derived from Scripture — this work will have served its 
purpose. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix A  —  DTB Infrastructure and Capital Planning 

 

The following capital planning analysis is the author’s assessment of the infrastructure 
requirements for a credible CV_Adapt and DTB development program as of 2026. It’s provided 
for transparency and to support funding conversations, not as externally validated cost study. 

Foundational constraint. DTB cannot be built on rented cloud compute alone at scale. A 
sustained 10-million-neuron simulation on 64 A100s costs approximately $50K per day in cloud 
compute — $18M per year for one simulation cluster. Cloud is appropriate for development and 
validation. Production DTB infrastructure requires owned or co-located hardware. 

Layer 1 — Compute hardware. Minimum viable: one DGX H100 node (8× H100 SXM5, 
~$375K) for 5–10M neuron simulations. Second tier: 32-node CPU cluster for mean-field cortical 
simulation (~$640K). Neuromorphic layer: Intel Loihi 2 via research partnership (not publicly 
purchasable; requires Intel Neuromorphic Research Community membership). Layer 1 subtotal: 
$1.1M–$1.2M. 

Layer 2 — Data acquisition. Human Connectome Project and Allen Brain Atlas are publicly 
available at no cost. Allen MICrONS dataset (200,000 neurons, 500M synapses, cubic millimeter 
of mouse cortex) publicly available as of 2023. Human-scale connectome at single-synapse 
resolution does not exist in 2026 — a fundamental scientific gap that capital alone cannot close. 
Layer 2 subtotal: $0–$50K (storage infrastructure only). 

Layer 3 — Personnel. The largest cost driver. Minimum credible team: one computational 
neuroscientist with SNN simulation experience ($180K–$240K); two ML engineers with large-
scale distributed training experience ($200K–$280K each); one pharmacokinetic modeling 
specialist ($150K–$200K); one HPC systems engineer ($140K–$180K); one software engineer for 
the CV_Adapt interface layer ($160K–$220K). Six FTE fully loaded at ~$350K average: $2.1M 
per year. 

Layers 4–5 — Facilities, software, advisory. Colocation (30kW deployment): $100K–$144K 
per year. 1PB NVMe storage: $200K–$300K capital. NEST, Brian2, TensorFlow, JAX: open 
source, no cost. Cloud burst budget year one: $50K–$100K. Layers 4–5 subtotal: ~$400K year 
one. 

Full program total. Year 1 (capital + operating): ~$3.9M. Year 2+ (operating, no hardware 
repurchase): ~$2.7M per year. 

Minimum viable floor. A three-person team (computational neuroscientist, ML engineer, systems 
engineer), 4× used A100s (~$120K), and cloud burst for heavy workloads: $800K–$1.1M year 
one. At that level the DTB program can develop, validate, and demonstrate the architecture through 
the 1-million-neuron mean-field plus SNN hybrid model with a working tensor fusion layer 
feeding a CV_Adapt stub. That is sufficient to prove the novel integration claim, generate 
publishable results, and support patent prosecution. It establishes DTB as a real system rather than 
a blueprint — which is the step that unlocks the next round of capital. 

Non-dilutive funding sources. NSF Convergence Accelerator and DARPA Biological 
Technologies Office both fund exactly this class of work. NIH BRAIN Initiative grants top out at 
$600K–$1.5M per year for computational neuroscience infrastructure. These are the appropriate 
non-dilutive funding sources for Phase 1 while building toward a Series A on the AGI-DNA 
commercial thesis. 
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Appendix 4 

 

Gato (DeepMind)*  vs.  ai2agi (ai70000, Ltd.)** 

 

Feature Gato (DeepMind) ai2agi (ai70000, Ltd.) 

Type Single transformer model Multi-system AI integration 

Architecture Sequence modeling transformer Composite framework specialized AI modules 

Inputs Text, images, actions (tokenized) G_enhanced, R_enhanced, ai_LLM, DTB, 
CV_Adapt  (AGI dna) 

Processing Autoregressive prediction Functional mapping of subsystems 

Training Data 600+ multi-task datasets Multi-modal cognitive, vision, and reasoning data 

Decision Making Implicit task representation Dynamic weighting of subsystems 

Scope Generalist AI (many tasks, 1 model) AGI-focused (reasoning, generalization,cognition) 

Biological Basis None Digital Twin Brain (DTB) 

Vision System Pretrained CV embeddings Adaptive cv (CV_Adapt) 

Goal Multi-task AI agent AGI through modular intelligence 

* actual 

** phase-1 prototype 

  



Appendix 5 

Ethical Implications: 

 

Bias and Fairness AGI systems, especially those incorporating ai_LLMs, may inherit and 
amplify biases present in training data. This could lead to unfair or discriminatory 
outcomes. 

Autonomy and Control AGI systems become more sophisticated, questions arise about their 
autonomy and the level of human control. Ensuring AGI remains aligned with human 
values is crucial. 

Societal Impact AGI could have profound societal impacts, including job displacement, 
economic disruption, and shifts in social structures. 

Misuse and Malice AGI could be misused for malicious purposes, such as developing 
autonomous weapons or creating sophisticated disinformation campaigns. 

Transparency and Explainability Understanding how AGI systems make decisions is 
essential for building trust and ensuring accountability. 

DTB raises ethical questions. What are the rights of a digital consciousness? How will digital 
consciousness effect the human condition? 
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