TECHNICAL SHEET (FICHE TECHNIQUE R-LAW Al FRAMEWORK)

Product Name

R-Law AI™ — Informed Organizational Efficiency Framework for Neural Networks

Short Description
R-Law Al is a Python-based machine learning framework that implements the Principle of

Informed Organizational Efficiency (IOE) in neural networks. It provides tools to train models
that not only minimize loss, but also maximize organizational efficiency:
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where I is usable information and S is effective entropy.

| designed R-Law Al to be beginner-friendly, research-ready, and conceptually grounded in
thermodynamic thinking.

Core Idea (IOE Principle)

| treat every neural network as an information—entropy system. During learning, the model
accumulates structure (information) but also noise and complexity (entropy). The IOE principle

states:

A model’s real capacity to organize, generalize, and remain stable is determined by the ratio
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R-Law Al makes this ratio explicit and uses it as a guiding signal for optimization and analysis.



Key Features

e R-Law Optimizer™: Custom optimizer that augments gradient-based learning with an
IOE correction term.

e R-Law Model: Simple neural network class designed to interact naturally with the IOE
metrics.

e |OE Metrics: Functions to compute information 1, entropy S, and organizational efficiency
R for a model.

e Visualization Module: Tools to plot I, S, and R over training time and analyze model
organization.

e Self-Organizing Agent: An agent that can self-organize by maximizing R even on
unlabeled data.

e Examples: Ready-to-run training scripts and demos (e.g. Iris classification).
Target Users

e Researchers in Al, machine learning, complex systems.

e Students who want to learn about physically inspired Al.

e Engineers interested in stable, interpretable models.

e Theorists working on connections between thermodynamics and learning.



Technical Requirements
Language: Python 3.x
Dependencies (minimal):
e torch (PyTorch)
e matplotlib (optional, for visualization)
e scikit-learn (for example datasets and preprocessing)
1. These can be installed via:

pip install torch matplotlib scikit-learn

Package Structure

rlaw_ai_pro/

|
— rlaw/

| F— __init__.py # Framework initialization

| |—r_optimizerpy  # R-Law Optimizer™

| F— r_model.py # R-Law Model

| |— r_metrics.py #1, S, R metrics

| |—r_visualizerpy # Visual tools for IOE curves

| L r agent.py # Self-organizing agent (maximize R)
|

— examples/
| L— rlaw_training.py  # Training example on Iris dataset
F— docs/

| — INSTALL.md # Installation guide
| — QUICKSTART.md  # Quick start tutorial
| F—API_REFERENCE.md # API documentation

— TECHNICAL_SHEET.md # This file
L SCIENTIFIC_ARTICLE.txt # Full scientific article

— whitepaper/
| L— R-Law_Al_WhitePaper.pdf # Conceptual and technical overview

|
— branding/

| F—logo_rlaw_black.png



| F—logo_rlaw_white.png
| L— banner_rlaw.png
|

L README.md

2. How It Works (High-Level)
| import the framework modules:
from rlaw.r_model import RLawModel
from rlaw.r_optimizer import RLawOptimizer
from rlaw.r_metrics import compute R

3. | define a model:

model = RLawModel(input_dim=4, hidden_dim=16, output_dim=3)

4. | create an R-Law Optimizer:

optimizer = RLawOptimizer(model.parameters(), Ir=1e-3)

5. Itrain the model using a closure (required by the optimizer):

def closure():
optimizer.zero_grad()
output = model(X)
loss = criterion(output, y)
loss.backward()
return loss

6. loss = optimizer.step(closure)
R_value = compute_R(model)

7. I monitor R over time to see how organizational efficiency evolves.


http://readme.md

Conceptual Benefits

e Stability: The IOE term acts as a regularizer that pushes the model away from overly
entropic states.

e Interpretability: By monitoring I, S, and R, | gain insight into the internal organization of
the model.

e Theoretical Coherence: Learning is aligned with a simple, physically motivated law.

Intended Use Cases
e Experimental research on physically grounded learning principles.
e Teaching advanced concepts in Al, complexity, and thermodynamics.
e Prototyping robust, self-organizing models.

e Inspiring more general connections between statistical physics and Al design.

Limitations
e The current implementation is a research prototype, not an industrial-grade framework.

e | use simple definitions of | and S; these can and should be refined in advanced
research.

e The provided examples focus on small datasets; scaling remains an open direction that |
actively explore.



