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Abstract 
 
In this work, I introduce R-Law AI, an artificial intelligence framework grounded on a 
thermodynamic–informational principle that I call the Principle of Informed Organizational 
Efficiency (IOE). The IOE principle defines the organizational efficiency of a system as: 

 
where I denotes usable, structured information and S denotes the system’s effective entropy. I 
apply this law to neural networks and propose that learning can be viewed as the process of 
maximizing R, rather than solely minimizing a loss function. 
 
I present a concrete implementation of this idea as R-Law AI, which includes: 
 

●​ A definition of information and entropy at the level of network parameters. 
 

●​ A new optimization algorithm, the R-Law Optimizer, that augments gradient-based 
learning with an information–entropy correction term. 

 
●​ Metrics that track information, entropy, and organizational efficiency over time. 

 
●​ A self-organizing agent and visualization tools. 

 
I provide the mathematical formulation of the framework, discuss its theoretical implications, and 
present illustrative experiments on simple datasets (such as Iris) showing that models trained 
under R-Law dynamics tend to exhibit smoother convergence, reduced internal entropy, and 
more stable parameter evolution. I argue that this IOE-based perspective opens a path toward 
physically grounded, self-organizing machine learning systems. 
 

 
 
 
 

 



1. Introduction 
 
Deep learning has achieved remarkable success across vision, language, control, and scientific 
modeling. However, the internal organization of neural networks remains poorly understood. 
Loss functions quantify performance on specific tasks, but do not directly express how well the 
model internally organizes information relative to the noise and entropy it accumulates during 
training. 
 
In thermodynamics, entropy quantifies disorder, and laws exist to constrain energy 
transformations. Yet, there is no standard physical principle describing how information 
competes with entropy to generate organization, structure, or intelligence—either in natural 
systems or in artificial ones. To address this, I previously proposed a generalized 
thermodynamic–informational law, the Principle of Informed Organizational Efficiency (IOE), 
which states that: 
 
The ability of a system to sustain or generate ordered, functional behavior is determined by the 
ratio of its usable information to its effective entropy. 
 
This law is summarized by the ratio: 

 
In the present work, I apply this principle directly to machine learning and propose R-Law AI, 
the first AI framework explicitly designed to maximize R as part of its learning dynamics. In this 
view, a neural network is treated as a physical–informational system whose parameters evolve 
to increase organizational efficiency, not just to minimize a task-specific loss. 
 
My contributions in this article are: 
 

●​ I adapt the IOE principle to neural networks by defining parametric information 𝐼 and 
effective entropy 𝑆. 

 
●​ I derive an optimization rule that includes an IOE-based correction term. 

 
●​ I implement a practical optimizer (R-Law Optimizer) and a simple R-Law model. 

 
●​ I provide metrics for tracking 𝐼, 𝑆, and 𝑅 during training. 

 
●​ I construct an auto-organizing agent that can self-organize even without external labels. 

 

 



●​ I present illustrative experiments, conceptual analysis, and discuss limitations and future 
directions. 

 
 
 
 
 

2. Background and Motivation 
 
Classical gradient-based learning minimizes a loss function 𝐿(𝜃)over parameters 𝜃: 

 
where 𝜂 is the learning rate. This process has no explicit thermodynamic interpretation, and the 
structure of 𝜃 is only indirectly influenced through the choice of regularization. 
 
In parallel, theories in physics and information science suggest deep connections between 
entropy, information, and organization. I interpret a neural network as a complex system that 
both accumulates information (through learned structure) and entropy (through noise, 
redundancy, and chaotic parameter growth). The IOE principle provides a simple, universal 
scalar quantity: 

 
that I interpret as organizational efficiency. 
 
My core hypothesis is: 
 

●​ Neural networks that increase R during training will be more stable, better organized, 
and more robust than those that only minimize loss. 

 
●​ R-Law AI is my first attempt to turn this hypothesis into a concrete, testable framework. 

 
 
 

 



3. The IOE Principle in Neural Networks 
 

 
Figure1_RLaw_Framework. 
Conceptual overview of the R-Law AI framework. The neural model integrates information 
and entropy metrics to compute organizational efficiency 𝑅=𝐼/𝑆+1 
, with a correction term guiding self-organization. 
 

 
3.1. Information I 

 
For a neural network, I define usable information 𝐼 as a function of the variance of the 
parameters. Given the set of parameters {𝑊𝑘} across all layers, I compute: 

 



 
 
This choice reflects the intuition that: 
 

●​ High variance indicates fragmented, unstable, or excessively dispersed weights → low 
effective information. 

 
●​ Low variance indicates more concentrated, stable, and organized parameter structure → 

high effective information. 
 
This is a modeling choice, not the only possible one, but it is simple, differentiable, and easy to 
compute. 
 

3.2. Entropy S 
 
I define effective entropy 𝑆 as the mean absolute magnitude of the parameters: 

 

 



 
This is a surrogate for the “disorder” or “tension” in the network: large average magnitudes 
suggest that the network may be stretching itself to fit the data, accumulating representational 
stress and sensitivity to perturbations. 
 

3.3. Organizational Efficiency R 
 
Given these definitions, I compute: 

 
as the organizational efficiency of the neural system. Large 𝑅 indicates that information is high 
relative to entropy, while small 𝑅 indicates that entropy dominates. 
 
I interpret learning not only as minimizing loss 𝐿, but as shaping the parameters such that 𝑅 
increases over time. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



4. R-Law AI Framework 
 

4.1. R-Law Optimizer 
 
I construct an optimizer that combines traditional gradient descent on the loss  
𝐿 with a corrective term derived from the IOE principle. 
 
Let 𝜃 denote the set of model parameters. I consider the update: 

 
where: 
 

●​ 𝜂 is the learning rate, 
 

●​ 𝛼 controls the influence of information, 
 

●​ 𝛽 controls the influence of entropy. 
 

 
The term (𝛼𝐼−𝛽𝑆) acts as a global organizational force. When included in the optimizer, it 
nudges the parameters toward configurations that increase 𝐼 and reduce 𝑆, i.e., it pushes the 
system to self-regularize. 
 
In practice, I implement this through a custom optimizer that: 
 

●​ Calls a closure to compute the loss and its gradient. 
 

●​ Computes 𝐼 and 𝑆 from the current model parameters. 
 

●​ Applies an IOE-based correction to the gradient. 
 
This leads to the RLawOptimizer class in PyTorch. 
 
 

 
 
 
 

 



4.3. IOE Metrics 
 
I provide three key functions: 
 

●​ compute_information(model) → returns returns 𝐼 
 
 

●​ compute_entropy(model) → returns 𝑆 
 

●​ compute_R(model) → returns 𝑅 
 

 
These metrics allow continuous tracking of organizational dynamics during training. 
 

4.4. Visualization and Self-Organizing Agent 
 
I extend the framework with: 
 

●​ A visualizer that plots I, S, and R over epochs. 
 

●​ An RLawAgent that can self-organize by maximizing R directly, even without labeled 
data. 

 
The agent takes random inputs, computes R, and adjusts parameters to maximize R alone. This 
provides a pure demonstration of IOE-driven self-organization. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



5. Methods and Experimental Setup 
 
To illustrate the behavior of R-Law AI, I implement experiments on classical small-scale datasets 
such as Iris. I choose these tasks because they allow me to clearly observe and interpret the 
evolution of 𝐼, 𝑆, and 𝑅 without the complexity of high-dimensional models. 
 
 

 
Figure2_Training_Dynamics. 
Example learning curves showing the evolution of training loss (blue), information I 
(yellow), and organizational efficiency R (green) over epochs. R tends to increase as the 
network self-organizes. 
 
 
 

 
 
 

 



5.1. Dataset 
 
For the Iris dataset: 
 

●​ 150 samples 
 

●​ 4 continuous features 
 

●​ 3 classes 
 
I standardize the inputs using StandardScaler from scikit-learn. 

 
5.2. Baseline 

 
As a baseline, I consider: 
 

●​ The same network architecture trained with a standard optimizer (e.g., SGD or Adam) 
 

●​ Loss function: negative log-likelihood (NLLLoss) 
 

5.3. R-Law Training 
 
Under R-Law AI: 
 

●​ I use the same architecture 
 

●​ I replace the optimizer with RLawOptimizer 
 

●​ I track 𝐼, 𝑆, and 𝑅 at each epoch 
 

●​ I monitor training loss and classification accuracy 
 
I do not claim large empirical gains here; instead, my goal is to show that R-Law AI produces 
distinct organizational dynamics that can be qualitatively analyzed. 
 

 
 
 
 
 
 
 

 



6. Illustrative Results 
 
In my experiments, I observe the following qualitative patterns when using R-Law AI: 
 

●​ R(t) tends to increase over training, especially in early epochs, indicating that the 
network moves toward higher organizational efficiency. 

 
●​ S(t) often stabilizes or grows more slowly compared to standard training, suggesting that 

R-Law dynamics counteract excessive entropy growth in the weights. 
 

●​ I(t) remains relatively high, especially when the optimizer hyperparameters (𝛼,𝛽) are 
tuned to favor stable variance. 
 

●​ Training loss decreases smoothly, and the model reaches comparable or slightly 
improved accuracy relative to the baseline, but with more regular weight distributions. 

 
 

 
Figure3_tSNE_SelfOrganization. 

 



t-SNE visualization of internal representations learned under R-Law optimization. The 
network forms distinct, well-organized clusters corresponding to underlying data 
structure. 
 
I interpret these observations as preliminary evidence that IE-based dynamics can act as an 
implicit regularization and stabilization mechanism, even in simple conditions. 
 

 
 
 
 
 
 

7. Discussion 
 

R-Law AI recasts learning as organizational thermodynamics: 
 

●​ The model’s parameters are not just numerical coefficients, but physical–informational 
degrees of freedom. 

 
●​ The metric R provides a global, interpretable index of how efficiently the model converts 

parameter capacity into structured, low-entropy organization. 
 
The optimizer explicitly balances performance (loss) and organization ( R ). 
 
I see several important implications: 
 

●​ Interpretability: Tracking R, I, and S provides a high-level view of the model’s internal 
state. Sharp increases in S or sudden drops in R may signal impending instability or 
overfitting. 

 
●​ Robustness: By constraining entropy growth, models may become more robust to 

adversarial perturbations and noise. 
 

●​ Biological relevance: The IOE perspective resonates with biological systems which 
maintain organization (high R) in the face of constant entropic forces. 

 
●​ Theoretical unification: The framework connects information theory, thermodynamics, 

and machine learning in a single equation, providing a foundation for future theory. 
 

 

 



 
 
 
 
 
 

8. Limitations and Future Work 
 
This work is an initial, exploratory step. It has several limitations: 
 

●​ The definitions of I and S are simple proxies; more sophisticated measures (e.g., mutual 
information, Fisher information, spectral entropy) could be incorporated. 

 
●​ I only test small-scale models and datasets here. Scaling to large architectures (e.g., 

transformers) requires further engineering and experimentation. 
 

●​ Hyperparameter tuning for (𝛼,𝛽) is still heuristic. 
 
 
In future work, I aim to: 
 

●​ Explore alternative definitions of entropy and information for deep networks. 
 

●​ Apply R-Law AI to more complex tasks in vision and language. 
 

●​ Study the behavior of R in recurrent and transformer architectures. 
 

●​ Investigate theoretical stability guarantees under R-maximizing dynamics. 
 

●​ Connect R-Law AI to free-energy and variational principles in neuroscience and physics. 
 

 
 
 
 
 
 
 
 
 

 



 
9. Conclusion 

 
I have introduced R-Law AI, a framework for machine learning grounded in a simple, 
thermodynamic–informational principle: 

 
By defining information and entropy at the level of neural parameters and constructing an 
optimizer that balances loss minimization with R maximization, I demonstrate how a neural 
network can be treated as a self-organizing system. 
 
This perspective offers a new conceptual handle on learning dynamics and provides a fertile 
ground for future theoretical and practical developments at the intersection of thermodynamics, 
information theory, and artificial intelligence. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



Novelty Statement 
 

I introduce a new theoretical and computational framework, R-Law AI, which 
applies the Principle of Informed Organizational Efficiency (IOE) to machine 

learning. To my knowledge, no existing work formulates artificial intelligence as a 
self-organizing system governed by an information–entropy balance. The 

definition of organizational efficiency and its integration into training dynamics 
represent an original contribution that does not appear in prior literature across 

thermodynamics, information theory, or AI research. 
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