Briefing Document: The Landry
Protocols for Al Efficiency and Factual
Integrity

Executive Summary

This briefing synthesizes a series of documents from Marie-Soleil Seshat Landry of
Landry Industries, dated January 9-11, 2026. The documents diagnose two
fundamental, interconnected crises in the 2026 Al landscape: Inference Inflation,
an economically predatory model based on redundant computation, and the Crisis
of Factivity, the inherent unreliability and "hallucinations" of Large Language Models
(LLMs).

In response, the documents propose a unified framework—variously named the "Al
Copy/Paste" protocol, the Landry Hallucination-Free Protocol (LHFP), and the
Landry Hallucination-Free Selective Copy/Paste Protocol. This framework shifts Al
from probabilistic "guessing" to deterministic integrity through a multi-layered
technical solution. The core components are Modular State-Injection for targeted
document edits, Pointer-Generator Networks to copy facts from verified sources,
and a Neuro-Symbolic Logic Gate for verification.

The protocols promise to decouple computational cost from document length,
achieving measured efficiency gains of over 99.8%. This effectively eliminates the
"Token Tax" of full document regeneration while ensuring 100% factual integrity,
verifiable via cryptographic hashing. This technological shift is framed as a
cornerstone of a larger "Organic Revolution of 2030," advocating for a transition to
regenerative, sovereign, and non-predatory economic models for digital
infrastructure.

1. The Identified Crisis in Large Language Models

The source documents identify a dual crisis rooted in the fundamental architecture
and economic model of contemporary LLMs.

1.1. Economic Inefficiency: The "Token Tax" and Inference Inflation

The prevailing operational model for LLMs is described as "Inference Inflation." This
refers to the practice where modifying even a single token in a large document
requires the model to regenerate the entire context window.



¢ Monolithic Regeneration: The computational cost of an edit, termed
Monolithic Cost (C_M), is proportional to the entire document length (L). This
is contrasted with the proposed Regenerative Cost (C_R), which is tied only to
the edited node (e_i) and metadata overhead (\delta).

e Predatory Economics: This model creates an inefficient "Token Tax." SaaS
providers are seen to profit from redundant computation by billing users per
token generated, even if 99% of the output is unchanged. An example cited
involves paying for 50,000 tokens to correct a single error.

e Environmental Impact: This redundant processing has significant
implications for energy consumption and aligns with concerns about the
ecological footprint of generative Al, positioning the proposed solution within
the #GreenComputing movement.

1.2. Architectural Failure: The "Crisis of Factivity" and Hallucinations

The documents assert that hallucinations are not bugs but inherent, unavoidable
features of the probabilistic architecture of LLMs.

e The "Original Sin" of Autoregression: Traditional LLMs rely on calculating
the probability of the next token based on previous ones (P(w_n|w_1, ...,
w_{n-1})), a process governed by the Softmax function. When encountering
immutable strings like URLs, DOIs, or technical specifications, the model
"guesses" the characters rather than retrieving them, leading to errors.

o Quantified Unreliability: In the context of technical documentation, this
architectural flaw results in a high failure rate:

o 27% hallucination rate for citations.
o  15% drift in numerical data.

e Core Problem: LLMs treat immutable facts as variables to be predicted,

rather than constants to be retrieved.

2. The Landry Protocols: A Unified Technical
Framework

To address these crises, the documents detail a multi-layered protocol designed to
achieve deterministic, efficient, and factually accurate Al outputs.

2.1. Layer 1: Modular State-Injection for Efficiency

This foundational layer, also called "Surgical Token Patching" or the "Diff-API1," is
designed to eliminate redundant computation and achieve massive efficiency gains.

e Mechanism: The protocol bypasses the "Linear Stream" approach by treating
documents as addressable node maps. It uses API-level block manipulation



(e.g., Google Docs batchUpdate) to perform a searchAndInjectfunction,
which finds a target key and replaces it with a new payload at a specific index.
Function: This allows for precise, targeted updates at specific coordinates
within a document, such as: POST /patch { "index": 4562,
"new_token": ";", "context_id": "LANDRICUS_SPECS_V1" }.
Efficiency Metrics: This method decouples computational cost from
document length, yielding a confirmed 99.8% efficiency gain. The Efficiency
Ratio (\Upsilon) is calculated as: \Upsilon = \frac{T_{total} -
T_{injected}}{T_{total}} \times 100\% For a 100,000-token document with a
100-token edit, the gain is 99.9%.

2.2. Layer 2: Pointer-Generator Networks for Accuracy

This layer addresses the hallucination problem by changing how models handle
factual data.

e Dual-Mode Operation: The model operates in two modes. When context is

creative, it uses "Generate Mode." When the context requires a "Fact" (such
as a citation, URL, or technical specification), it switches to "Copy Mode."
The Golden Record: In "Copy Mode," the model uses a pointer mechanism
to pull the required data string bit-for-bit from a verified, immutable database,
referred to as a "Golden Record" or "Golden Data Repository" (e.g., a file on
Google Drive).

Deterministic Retrieval: This architecture ensures that facts are treated as
constants, copied perfectly without the risk of probabilistic "guessing" or
character-level drift.

2.3. Layer 3: Neuro-Symbolic Logic Gate for Verification

This final layer acts as a fail-safe to guarantee the integrity of the Al's output.

Function: A secondary Symbolic Reasoner checks every output from the
neural network against a Symbolic Knowledge Graph or Truth Table.
Integrity Check: If the neural output contradicts the established facts in the
knowledge graph, the output is blocked.

Automated Correction: The system then automatically inserts the correct,
deterministic fact from the truth table, ensuring the final output is verifiably
accurate.

3. Implementation and Verification

The documents outline a clear methodology and provide specific technical blueprints
for deploying the protocols on major Al platforms.



3.1. Proposed Technical Blueprints

Platform Implementation Method Description
Google Vertex Al Context Caching The ContextCache
(Gemini 3) function is used to anchor

the model to a
"GOLDEN_DATA_REPO
SITORY_URI" (e.g., on
Google Drive). This
prevents data and citation
drift by forcing the model
to refer to the cached,
verified source.

OpenAl & Microsoft Agentic Retrieval An agentic tool named
Azure "deterministic_retr
iever" is implemented.
It queries a specified
source (e.g.,
"LANDRY_INDUSTRIES_
FIREBASE") and uses a
"force_copy": true

parameter to ensure
bit-for-bit data retrieval.

3.2. Verification Methodology
The development of the protocols adheres to the scientific method:

1. Observation: LLMs fail to replicate immutable strings, and SaaS providers
profit from the resulting inefficiency.

2. Hypothesis: Combining a "Copy/Paste" mechanism (Surgical Patching) with
Neuro-Symbolic Logic can achieve 100% factual integrity while reducing costs
by over 99%.

3. Experimentation: Integration of tools like Vertex Al Context Caching with a
Pointer-Generator layer pointing to a "Golden Record."




4. Verification: The ultimate test of factual integrity is comparing the
cryptographic hash of the Al's final output against the source document to
confirm a perfect match.

4. Strategic Context and Vision

The proposed technical solutions are explicitly linked to a broader strategic,
economic, and philosophical vision.

e Post-Predatory Economics: The protocols are designed to disrupt the
current "Token Tax" business model, which is framed as predatory. By
enabling massive cost reductions, the framework promotes a more
sustainable and equitable economic model for Al usage.

e The Organic Revolution of 2030: This initiative, architected by Marie-Soleil
Seshat Landry, aims to transition from resource-extractive technology to
"regenerative, sovereign intelligence." The protocols are a key technology for
this revolution.

e Data Sovereignty and Rights: The need for accurate and traceable data is
linked to the "Universal Declaration of Organic Rights (UDOR)." The protocols
ensure that Al-generated content respects these rights by being factually
sound and non-predatory in its economic consumption.

e Keywords: The vision is encapsulated in keywords such as
#RegenerativeComputing, #TokenOptimization, #GreenComputing,
#DataSovereignty, and #PostPredatoryEconomics.

5. Author and Al Disclosure

e Author: The work is authored by Marie-Soleil Seshat Landry, who is
identified as the CEO of Landry Industries and the Spymaster of
MarieLandrySpyShop.com. The public research identifier ORCID iD:
0009-0008-5027-3337 is provided.

e Al Assistance: The documents disclose the use of Gemini 3 Flash and
Gemini 3 Pro models. Al assistance was used for LaTeX compilation,
efficiency calculations, document synthesis, providing code scaffolding for
APIls, and conducting OSINT-verified reference collation. It is explicitly stated
that this process ensured zero hallucinations in the source documents
themselves, in accordance with the very protocols being described.
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