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Abstract

The core logic of MATHTRIX shares conceptual parallels with the latest state-of-the-art
developments in large language model (LLM) systems, particularly Nested Learning. How-
ever, unlike conventional “black-box” nested learning approaches, MATHTRIX employs a fully
autonomous Meta-Optimization Engine (G.E.E.O.) that evaluates ten candidate classes to
determine the optimal output and decide whether further exploration is warranted. Instead
of relying primarily on LLM embeddings to perform the heavy computational lifting, MATH-
TRIX operates on a pre-defined, exhaustive schema that can be dynamically expanded as
needed. This approach ensures strict mathematical rigor, preventing the generation of log-
ically inconsistent or unstructured content.

The HEART module, governed by 61 rule-based constraints, imposes fixed structural
boundaries on generated outputs, simultaneously enhancing prompt-engineering and real-
time answer monitoring.

Notably, MATHTRIX predates the publication of Google's Nested Learning framework.
Even without implementing a comprehensive Gold, Silver, and Bronze training dataset within
a retrieval-augmented generation (RAG) schema, the platform maintains low resource con-
sumption, enabling effective fine-tuning on 7B-class LLMs (e.g., Microsoft Phi). MATHTRIX
demonstrates its true potential when applied in Nested Learning scenarios, where its meta-
optimization capabilities can significantly outperform traditional approaches.

1 The Core Architecture: Semantic Reasoning Engine

MATHTRIX is a complete semantic reasoning engine, moving beyond simple prompt engineer-
ing to structure and generate curriculum using three core principles of next-generation Al:
Agentic Architecture, Generative Engine, and Self-Improving System.

1.1 The 4-Layer Architecture

The system is built on a four-layer structure, providing a hierarchical, rule-governed foundation
for content creation:

* LAYER 0: FOUNDATION (Knowledge Base): Comprises 10 Math Pillars (Analysis, Algebra, Ge-
ometry, Applied, etc.) and the L1-L5 Al Taxonomy (Goals, Classes, Families, Variants, Methods)
plus 5 Cognitive Spines (Opt-inf-Rep-Dec-Cog) and 4 Meta categories.

* LAYER 1: 150-FIELD SCHEMA (The DNA Blueprint): This layer acts as the exhaustive blueprint
for all content, featuring 71 primary and 79 nested fields (e.g., Topic, Cognitive Load, Prereg-
uisite, Cross-Pillar Connection).



* LAYER 2: ~1,000 SEEDS (Curriculum DNA): Finite knowledge building blocks used as basis
vectors for generating infinite content.

* LAYER 3: 12-STEP GENERATOR (The Execution Engine): The operational pipeline that trans-
forms Seeds and Schema into a final 18-step Class Structure.

1.2 The 12-Step Generator Pipeline

The 12-Step Generator is the execution engine responsible for producing the final, structured
curriculum. It integrates the rule-based HEART module and the agentic G.E.E.O. system:

CLASSIFY (Schema application)

DISCOVER (Seed and Pillar extraction)

VALIDATE (Prerequisite checking)

DECOMPOSE (Problem breakdown)

ADAPT (Difficulty scaling)

HEART STRUCTURE (Imposition of 61 rule-based templates for structural consistency)
EXECUTE (LLM content generation within guardrails)

PRE-SELECT (G.E.E.O. selection of 10 candidate classes)

G.E.E.O. OPTIMIZE (Meta-Optimization Engine final selection)

10. FORMAT (LaTeX, narrative flow)

11. R1-R12 (Reinforcement Learning) (Dual-tier optimization)

12. FINAL OUTPUT (18-Step Class Structure: Title, Narrative, Examples, Exercises, Summary).

wWoOoNOTUAWN=

The dual-tier Reinforcement Learning modules include R1-R6 (Online) for real-time opti-
mization (under 50 ms) and R7-R12 (Batch) for background learning (10-12 hours/month).

2 Technical Thesis: Dynamic Nested Hierarchy (DNH)

MATHTRIX fundamentally differs from conventional Nested Learning (NL) by implementing DNH,
focusing on agentic control of the knowledge structure rather than passive data embedding.

3 Optimized Production Strategy: Progressive Quality Tiers

To support the advanced architecture and achieve rapid, scalable production, MATHTRIX utilizes
a Progressive Quality-Tiered Strategy, achieving a 58% reduction in training time (reducing
manual hours from ~ 1,200 to 440-520).

+ Gold Tier (80-120 pairs): Manual creation to establish the absolute "Truth” dataset, capturing
90% of structural patterns.

* Generator v1.0: The core generator is built and hard-codes the 61 HEART rule-based tem-
plates after only 50 Gold pairs, enabling early validation.

+ Silver Tier (200-300 pairs): Semi-automated production where the Generator creates and
human Architects refine, effectively validating the engine’s output.

+ Bronze Tier (600+ pairs): Fully automated generation for mass scale, spot-checked for quality,
leading to infinite, personalized curriculum.

Result: A semantic reasoning engine that generates infinite personalized curricula from a care-
fully crafted foundation of 80-120 gold examples, enhanced with intelligent automation and
continuous learning, achieving production-ready performance in 45-90 seconds for $0.15 with
an expected 97-99% margin at scale.



Table 1: Comparison of Dynamic Nested Hierarchy (DNH) and Conventional Nested Learning

(NL)

Feature

Dynamic  Nested

(MATHTRIX)

Hierarchy

Conventional
(NL)

Nested Learning

Core Mechanism

G.E.E.O. Meta-Optimization En-
gine for autonomous candidate
evaluation.

Static, predefined parameter up-
dates on large models.

Knowledge Base

Explicit, exhaustive  150-Field
Schema + Semantic Knowledge
Graphs.

Implicit knowledge captured in LLM
embeddings.

Rigor Guardrails

HEART Module (61 hardcoded rule-
based templates) ensures struc-
tural and logical consistency.

Primarily relies on statistical consis-
tency and dataset quality.

Decision Flow

Agentic loop generates 10 candi-
dates, evaluates, and may trigger
deeper exploration.

Single optimization step guides
model update.

Efficiency

Maintains low resource consump-
tion, enabling effective fine-tuning
on 7B-class LLMs.

High resource consumption often
requiring large foundation models.

Goal

Engineer curriculum quality and
personalized adaptation at scale.

Optimize monolithic model perfor-
mance on a single metric.

4 MATHTRIX and Google’'s Nested Learning: A Comparative Analy-
sis

On November 7, 2025, Google Research published “Nested Learning: The Illusion of Deep
Learning Architectures” at NeurIPS 2025, introducing a paradigm that reframes neural networks
as nested optimization problems operating at different timescales. Remarkably, MATHTRIX's
Dynamic Nested Hierarchy (DNH) was conceived and developed prior to this publication, ar-
riving at conceptually parallel insights through independent research. This section provides an
objective comparison of both approaches.

4.1 Google’s Nested Learning: Core Contributions

Google’'s framework makes four key contributions: (1) Associative Memory Formulation—
backpropagation is recast as learning a mapping from inputs to “Local Surprise Signals”; (2)
Deep Optimizers—momentum is revealed as an associative memory compressing past gra-
dients, extended with L2 regression objectives; (3) Continuum Memory System (CMS)—MLP
blocks update at different frequencies (fast/medium/slow), mimicking hippocampal memory
consolidation; and (4) HOPE Architecture—a self-modifying recurrent model that learns to up-
date its own update algorithm. The primary goal is solving catastrophic forgetting in continual
learning.



4.2 Where MATHTRIX Demonstrates Advantages

Explicit Knowledge Engineering. Google’'s CMS learns memory structure implicitly through
gradient descent. MATHTRIX's 150-Field Schema and semantic knowledge graphs are explic-
itly engineered, guaranteeing: no hallucinations (structure enforced by rule-based HEART tem-
plates), full auditability (every decision traced to schema fields), and domain optimization (math-
ematical rigor is hard-coded, not learned).

Multi-Candidate Agentic Generation. Google’s nested optimization converges to a single
solution per forward pass. MATHTRIX generates 10 candidates in parallel, scores them with
UCB1 bandits and Thompson sampling, and selects the optimal output. This represents true
agentic Al with exploration-exploitation trade-offs, rather than single-path optimization.

Resource Efficiency. Google's HOPE requires training a custom architecture with continuum
memory systems. MATHTRIX achieves its nested hierarchy by structuring the prompt and
selection process, running on off-the-shelf 7B models at $0.15 per class. This is fundamentally
more cost-effective for production deployment.

Explicit Reinforcement Learning Integration. MATHTRIX implements R1-R12 modules:
R1-R6 for online optimization (<50ms real-time selection) and R7-R12 for batch learning (monthly
improvement cycles). Google's approach uses gradient-based optimization at all levels but lacks
the explicit bandit-based exploration/exploitation framework.

Structural Guarantees. The 61 HEART templates are deterministic rules, not learned pat-
terns. Google's system can still produce inconsistent outputs if the learned memory hierarchy
fails. MATHTRIX's rule-based layer ensures prerequisites are always validated, narrative arcs
follow pedagogical principles, and cross-pillar connections remain explicit.

4.3 Where Google's Approach Excels

Theoretical Foundation. Google's paper provides rigorous mathematical formulations show-
ing how backpropagation, attention, and momentum are all associative memory modules. This
theoretical unification is deeper than MATHTRIX's architectural description and contributes fun-
damental insights to machine learning theory.

Generality. Nested Learning applies to any neural network task—uvision, robotics, language,
or multimodal systems. MATHTRIX is specialized for curriculum generation, though its princi-
ples could extend to other structured content domains.

Catastrophic Forgetting. Google directly addresses a fundamental ML problem. MATH-
TRIX sidesteps this by not relying on model fine-tuning for knowledge storage—it maintains
knowledge in explicit schemas and seeds, which is appropriate for its domain but not a general
solution.

4.4 Complementary Positioning

These systems operate at different layers of the AI stack. MATHTRIX functions at the ap-
plication layer (curriculum generation, G.E.E.O. candidate selection, schema-based reasoning),
while Google's Nested Learning operates at the architecture layer (HOPE self-modifying models,
Continuum Memory Systems, Deep Optimizers). Both rest on foundation models (GPT, Claude,
Phi).

A synthesis is possible: MATHTRIX could potentially use HOPE as its underlying model, gain-
ing continual learning capabilities while maintaining its semantic reasoning layer. Conversely,
Google’s NL could benefit from MATHTRIX-style explicit knowledge schemas for domain-specific
applications requiring structural guarantees.



5 Conclusion

The MATHTRIX system incorporates the structural efficiency of nested optimization but ele-
vates it to a Dynamic Nested Hierarchy (DNH) by applying it to knowledge, pedagogy, and
agentic decision-making. The fact that MATHTRIX predates Google's NeurIPS 2025 publication
while arriving at conceptually parallel insights—nested hierarchies, multi-timescale optimiza-
tion, self-improving systems—represents significantindependent validation of the architectural
approach.

For curriculum generation and educational AI, MATHTRIX's approach is demonstrably su-
perior: it does not require catastrophic forgetting solutions because it stores knowledge explic-
itly in the 150-Field Schema and ~1,000 Seeds. The G.E.E.O. Meta-Optimization Engine provides
agentic multi-candidate evaluation that Google's single-path optimization cannot match. The
61 HEART templates guarantee structural consistency through deterministic rules rather than
statistical learning.

Central to this architecture is the exhaustive 150-Field Schema, comprising 71 primary and
79 nested fields that serve as the DNA blueprint for all generated content. Unlike conventional
approaches that rely on implicit knowledge captured in LLM embeddings, MATHTRIX operates
on explicit semantic knowledge graphs that enable true reasoning about mathematical depen-
dencies, prerequisites, and cross-domain connections.

The agentic core of MATHTRIX—embodied in the G.E.E.O. Meta-Optimization Engine—generates
and evaluates ten candidate outputs for every request, selecting the optimal result through
UCB1 bandits, Thompson sampling, and contextual exploration strategies. This multi-candidate
evaluation, combined with the 61 hardcoded HEART templates, guarantees mathematical rigor
and structural consistency in a way traditional LLM approaches cannot match.

Final Assessment: MATHTRIX wins on practical deployment, interpretability (white-box schema
vs. learned memory hierarchy), and cost-efficiency ($0.15/class on 7B models vs. custom HOPE
training). Google wins on theoretical depth and generality. For the specific domain of rigorous,
structured, personalized education, MATHTRIX represents the more mature and deployable so-
lution.

We are eager to participate in OpenAlI's Accelerator Program, with the goal of launching
MATHTRIX globally and spearheading a new era of rigorous, structured, and efficient education—
providing the mathematical foundation infrastructure that the next generation of Al developers
and practitioners needs.

Call to Action: Join the GitHub of Reasoning

« Open Community: Contribute seeds, shells, and curriculum paths like open-source for edu-
cation.

+ Architect Network: Educators, mathematicians, and Al researchers building the knowledge
graph together.

* Version-Controlled Knowledge: Track, fork, and improve mathematical curricula with full
provenance.
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