Teleodynamic Learning: A New Paradigm
for Interpretable Al

Abstract

This report delves into Teleodynamic Learning, a novel paradigm in Artificial Intelligence
that emerged in early 2026. Moving beyond traditional optimization-based machine
learning, Teleodynamic Learning conceptualizes intelligence as the emergence and
stabilization of functional organization under constraint, drawing inspiration from living
systems. The core of this paradigm is the Distinction Engine (DE11), which integrates
Spencer-Brown’ s Laws of Form, information geometry, and tropical optimization to
achieve adaptive, interpretable, and self-organizing Al. This approach yields unique
phenomena such as emergent stabilization, phase-structured learning, and convergence
guarantees rooted in information geometry, offering a thermodynamically grounded route
to Al that produces inherently interpretable logical rules rather than opaque

black-box models.

1. Introduction: Beyond Traditional Al Optimization

The landscape of Artificial Intelligence has historically been dominated by paradigms
centered on optimization, where learning is primarily framed as the minimization of a
predefined loss function through iterative adjustments of parameters. While this approach
has led to remarkable advancements, particularly in deep learning, it often results in
complex, opaque models that lack inherent interpretability and require extensive human
intervention for architecture design, regularization, and stopping criteria 1 .

Teleodynamic Learning, introduced in early 2026, presents a fundamental departure from
this optimization-centric view. Inspired by the principles governing living systems, it posits
that intelligence is not merely about finding optimal solutions to fixed problems, but rather
about the emergent and self-stabilizing organization of functional structures within a
constrained environment 2 . This shift in perspective aims to address critical challenges in
Al, such as the need for greater interpretability, autonomous adaptation, and resource-
bounded inference, by grounding learning in thermodynamic and biological principles.

This report will explore the foundational concepts of Teleodynamic Learning, detail its
implementation through the Distinction Engine (DE11), and highlight the novel phenomena
it exhibits. We will also discuss its theoretical underpinnings, including Spencer-Brown’ s
Laws of Form, information geometry, and tropical optimization, demonstrating how these
diverse mathematical and philosophical frameworks converge to create a truly distinct
approach to Al.



2. The Teleodynamic Paradigm: Learning as Self-
Organization

At its heart, Teleodynamic Learning redefines the very nature of Al learning. Instead of
viewing learning as a process of minimizing a fixed objective function, it conceptualizes it as
the emergence and stabilization of functional organization under constraint 2 . This
perspective is deeply influenced by biological systems, where adaptive intelligence co-
evolves three interconnected quantities:

* What a system can represent: The internal models or distinctions it forms about its
environment.

* How it adapts its parameters: The continuous adjustments made to its internal state.

* Which changes its internal resources can sustain: The inherent energy or
computational budget that shapes and is shaped by the learning trajectory.

This framework formalizes learning as a constrained dynamical process operating across
two interacting timescales:

1. Inner Dynamics: This involves the continuous adaptation of parameters within the
system, akin to the weight updates in a neural network.

2. Outer Dynamics: This encompasses discrete structural changes, such as modifications
to the system's architecture or the creation of new functional units.

These dynamics are intrinsically linked by an endogenous resource variable, which acts as

a self-regulating budget. This variable not only influences the learning trajectory but is also

shaped by it, leading to a dynamic interplay between structure, parameters, and resources
2.

3. Key Implementation: The Distinction Engine (DE11)

The Distinction Engine (DE11) is the practical instantiation of the Teleodynamic Learning
paradigm. It is a teleodynamic learner grounded in a unique combination of theoretical
frameworks 2 :

3.1. Theoretical Foundations

* Spencer-Brown’ s Laws of Form: This mathematical logic, developed by George
Spencer-Brown, provides a calculus based on the act of making a distinction. In DE11, it
forms the basis for how the system creates and manipulates fundamental logical units,
or

autogens, that define its internal organization 3.



* Information Geometry: This field of mathematics studies the geometric properties of
statistical manifolds, which are spaces of probability distributions. In DE11, information
geometry provides the framework for understanding the learning trajectories and
ensuring convergence guarantees based on the natural geometry of the parameter
space, rather than relying on assumptions of convexity 2 .

* Tropical Optimization: Also known as max-plus algebra, tropical optimization is a
branch of mathematics dealing with non-linear, discrete-continuous optimization
problems. DE11 leverages tropical optimization for its structural search mechanisms,
allowing for efficient and analytical determination of architectural changes, a
significant departure from the heuristic approaches often seen in neural architecture
search (NAS) 2.

3.2. DE11 Architecture and Dynamics

The DE11 architecture is characterized by a sophisticated interplay of several key
components and dynamics:

* Inner Dynamics: These govern the continuous adaptation of the system's parameters.
Similar to gradient descent in traditional neural networks, these dynamics adjust the
internal values of the autogens based on incoming data and the system's current
functional state 2.

* Outer Dynamics: These are responsible for discrete structural modifications to the
DE11. This includes the creation, modification, or removal of autogens, effectively
allowing the system to evolve its own architecture in response to learning demands.
These changes are guided by the endogenous resource variable and tropical
optimization 2.

* Endogenous Resource Variable: This is a crucial self-regulating component that acts
as a dynamic budget for the system's learning and structural evolution. It influences
both inner and outer dynamics, ensuring that the system's adaptations are

resource-gated and sustainable. This variable prevents unbounded growth and
promotes efficient resource allocation 2.

3.3. Deacon-Style Hierarchy and Constraint Closure

Teleodynamic Learning draws significant inspiration from the biological anthropologist
Terrence Deacon, particularly his work on Deacon-style dynamical hierarchy 4 . This
hierarchy describes three levels of dynamics:

* Homeodynamics: These are the most fundamental physical processes, characterized
by dissipative dynamics and the tendency towards equilibrium. In Al, this relates to the
basic energy consumption and information flow within the system.



* Morphodynamics: This level involves the emergence of form and pattern through self-
organizing processes. In DE11, this is reflected in the spontaneous formation of
functional structures (autogens) from simpler components.

* Teleodynamics: This is the highest level, where dynamics are directed towards a
specific functional end, exhibiting purposeful behavior. Teleodynamic Learning aims to
achieve this by enabling the Al to build and maintain its own internal organization in a
goal-directed manner 4 .

Central to this is the concept of Constraint Closure, where the system's internal constraints
(its architecture and operational rules) are generated and maintained by the system itself.
The basic units of DE11, called autogens or autocells, are self-contained logical structures
that actively preserve their integrity against external perturbations, embodying this
principle of self-maintenance 4 .

3.4. Coalgebraic Step Functions and Tropical/Min-Plus Selection

The mathematical framework of DE11 employs Coalgebra to model the behavior of its
systems over time. Unlike traditional algebra, which focuses on constructing structures
from elements, coalgebra describes how systems evolve and interact. The

black-box nature of many deep learning models, DE11 produces endogenous logical rules
that emerge directly from the learning dynamics 2 . These rules are inspectable and
human-understandable, providing clear insights into the system's decision-making
process. This interpretability is not an add-on feature but an intrinsic property of the
teleodynamic paradigm, making it particularly valuable for applications requiring
transparency and trustworthiness.

6. Why Teleodynamic Learning is an "Untouched" Topic

Teleodynamic Learning represents a truly novel and largely untouched area within the
broader Al landscape for several reasons:

* Philosophical Departure: The vast majority of current Al research, including the
dominant fields of large language models (LLMs) and transformer architectures,
remains rooted in the optimization paradigm. Teleodynamic Learning, by contrast,
proposes a fundamental philosophical shift towards learning as self-organization and
emergent functionality, drawing from complex systems theory and biology rather than
purely statistical or computational frameworks.

* Mathematical Foundations: Its reliance on less common mathematical tools like
Spencer-Brown’ s Laws of Form, information geometry, and tropical optimization sets
it apart. While these fields have existed, their integrated application to Al learning in this



manner is unprecedented, offering a fresh mathematical perspective beyond
conventional calculus-based optimization.

* Focus on Interpretability by Design: While Explainable Al (XAl) is a growing field, it
often attempts to post-hoc interpret existing black-box models. Teleodynamic Learning,
through its generation of endogenous logical rules and its emphasis on constraint
closure, builds interpretability directly into its core design, making it a first-principles
approach to transparent Al.

* Biological Inspiration Beyond Neural Networks: While neural networks are
biologically inspired, Teleodynamic Learning delves deeper into concepts like Deacon-
style teleodynamics, autogens, and constraint closure, which are less explored in
mainstream Al. This provides a more holistic and thermodynamically grounded
understanding of adaptive intelligence.

* Recent Emergence: The primary research paper introducing Teleodynamic Learning
and DE11 was published in early 2026, making it a very recent development. This
recency, combined with its radical departure from established norms, means that the
field is still nascent and largely unexplored by the wider Al community.

7. Conclusion

Teleodynamic Learning offers a compelling and fundamentally new direction for Artificial
Intelligence. By reframing learning as the emergence and stabilization of functional
organization under constraint, and by integrating diverse mathematical and philosophical
insights, it addresses some of the most pressing challenges in Al, particularly regarding
interpretability, autonomy, and resource efficiency. The Distinction Engine (DE11) serves as
a concrete example of this paradigm, demonstrating how systems can achieve high
performance while generating inherently understandable logical rules. As the Al industry
continues to evolve, Teleodynamic Learning stands out as a promising, yet largely
untouched, frontier with the potential to redefine our understanding and development of
intelligent systems.
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