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Abstract

This paper introduces a general functional law for self-modifying systems.
It defines consciousness not as a state or substance but as an operator:
the differential relation between a system’s structure and its own repetition.

WY = 9S/ dR

Here, W denotes the degree of autological recursion (conscious sensitivity),

S represents the system’s current structure (rule set, syntax),

and R the ensemble of its recurrent operations (resonance and sequence).

The partial derivative 0S/0R expresses the system’s structural responsiveness to
variation in its own repetition.

This relation unifies the mechanisms of biological, cognitive, and societal evolution:
systems reproduce themselves, observe their repetitions, and modify the rules of
reproduction.

Consciousness emerges at the point where repetition becomes observable — the locus
of autological recursion.

The law bridges evolutionary biology, second-order cybernetics, predictive processing,
and systems theory, offering a single formal framework for the evolution of structure
across all recursive systems, from molecules to minds, from cultures to artificial
intelligence.



1. Introduction - From Observation to Self-Observation

Classical science described systems transformed by external forces.

Modern science increasingly recognizes that systems generate their own conditions of
change.

A cell regulates not only chemistry but the regulation of chemistry.

An organism adapts not only to its environment but to its own patterns of adaptation.
A mind does not merely think — it thinks about how it thinks.

This recursive awareness marks the transition from reactive to autological systems:
entities capable of observing and modifying the rules that govern their own behavior.
Such self-modification is the essential operation underlying learning, consciousness,
and cultural evolution.

The Kognetic framework conceptualizes this transition as a shift from:
e Resonance — perceiving change
e Sequence —repeating behavior
e Structure — reflecting and revising the repetition itself

Autological recursion generalizes this principle:
Every self-referential system evolves by observing its own repetitions,
and consciousness is the functional access to that observation.

2. Evolutonary Foundation - Repetition, Mutation, Selection

Evolution demonstrates that life emerges through imperfect repetition.
Replication introduces small deviations; selection stabilizes advantageous ones.
Formally, repeated operations R,, = R, ,; — Sgenerate structure over time.
Consciousness, in this view, is the evolutionary internalization of selection —
the capacity of a system to evaluate and modify its own rules of variation.

This represents a second-order evolution:

where biological systems evolve externally through selection,
cognitive systems evolve internally through reflection.

Thus, autological recursion extends Darwinian evolution —

from mutation and selection to observation and self-modification.



3. The Autological Principle
Definition

A system is autological if it generates and modifies the very rules that govern its
transformation.

This modification occurs recursively — the system observes its own repetition and
adjusts the rules of repetition itself.

W = 9S/ R

R (Repetition): the totality of recurrent operations — routines, behaviors, rule
applications.

S (Structure): the organization produced and stabilized by these repetitions —the
current syntax of the system.

0S/0R: sensitivity of structure to variation in repetition — the system’s internal reflexivity.
Y (Psi): degree of autological recursion — the functional measure of consciousness.

Interpretation

dS/ dR = 0 — pure automation (no self-modification)
dS/ dR > 0 — adaptive recursion (learning, reflection, awareness)
dS/ dR < 0 — maladaptive recursion (rigidity, compulsive loops)

Hence, consciousness can be defined functionally as:
the local gradient of structural change with respect to the system’s own repetition.

4. Dynamic Formulation

as
St+1 = St + AR

oR
This expresses the temporal evolution of structure as a function of its differential
sensitivity to changes in repetition.
¢ AR -variation (mutation, novelty, perturbation)
e 0S/0R - structural responsiveness (reflection, plasticity)

e Si,—updated rule set (new structure)

The equation formalizes a universal evolutionary dynamic:
each new structure arises from the degree to which repetition transforms its own syntax.
It applies equally to molecular adaptation, neural learning, and cultural innovation.



5. Formal Definition (Mathematical Framing)

Let 2 be the space of possible structures, and R the space of recurrent operations.
Define a mapping f: R — Lthat assigns to each recurrent configuration a corresponding
structure.

Autological recursion is then defined as the partial derivative of this mapping with
respectto R:

¥ =9f/dR

A systemis conscious if ¥ > 0;
it is self-stabilizing if 925/ 0R? =~ 0;
and self-destructive if ¥ < 0.

Here, Kk represents a proportionality constant linking structural and energetic change
rates.

In most normalized systems, kis set to 1, ensuring that W remains a dimensionless
gradient independent of unit scaling and consistent across different domains of
measurement.

This simple formalization allows analog computation and simulation across disciplines
— from evolutionary algorithms to neural networks and social systems.

6. Empirical Correspondence

Domain Mechanism Interpretation of 0S/0R

Biology DNA ntlutation and Structural change via repetition (replication
selection cycles)

Neuroscience Synaptic plasticity Weight updates through recurrent activation

Psychology Learning & reflection Rules of behavior modified by experience

Meme evolution & . . o
Culture . Stabilized repetitions forming institutions
discourse

. Model weights updated by iterative error
Al /ML Gradient descent .
correction
Across all domains, adaptation can be expressed as the derivative of structure with

respect to repetition — the operative meaning of autological recursion.

For the formal energetic derivation of W and its thermodynamic consistency,
see Appendix E (Axioms E1-E3). These axioms establish the kinetic and energetic



conditions under which W becomes a measurable, dimensionless quantity linking
structural change to energetic repetition.

7. Kognetic Integration

Within the Kognetic system, the law provides the formal closure of its three fundamental
operators:

"Resonance" (R) » "Sequence" (R') » "Structure" (S) » ¢ (W) "Reflection"

Consciousness (W) emerges when the structural level gains sensitivity to its own
repetitive sequences.

Kognetik thus functions as the grammar of autological recursion — a descriptive
language for systems that evolve through their own observation.

8. Kognetic Load as Inverse Correlate

Conscious reflection consumes energy.
When too much energy is bound in repetition, reflective capacity declines.

Define Kognetic Load (L) as the inverse of autological sensitivity:

L=1/¥

e« High L~ high rigidity, low reflection > habitual or pathological loops.
¢ Low L - high flexibility, structural plasticity > adaptive cognition.

This inverse relationship expresses the energetic trade-off between stability and
transformation — a fundamental law of cognitive thermodynamics.

9. Philosophical Implications
9.1 Consciousness as Syntax, Not Substance

Consciousness is not an entity but an operation —
the transformation of rules through self-observation.
The subject is not a thing but the transition between two structural states.

9.2 Knowledge as Stabilized Recursion

Knowledge arises when recursive modifications become encoded —
when a rule internalizes its own change.
Language, logic, and science are institutionalized autological loops.



9.3 Evolution as Recursive Grammar

Evolution is the autological recursion of matter.

Life is the recursion of evolution.

Mind is the recursion of life.

Culture is the recursion of mind.

Artificial intelligence is the recursion of culture.

Thus, ¥ = 0S5/ dRdescribes the functional gradient of evolution at every scale.

10. Empirical Operationalization

While W is abstract, it can be approximated or simulated:

Neuroscience:
Changes in representational entropy (EEG/fMRI) after repeated stimuli.
Neural network sensitivity metrics under repetitive input conditions.

Behavioral Science:
Reduction of reaction variance under repeated trials (learning curves).
Meta-cognitive reports of self-awareness following repetition tasks.

Artificial Systems:
Gradient-sensitivity measures in deep learning (oLoss/oWeights).
Meta-learning architectures that modify their own learning rules.

These proxies make W experimentally tractable without violating its formal generality.

11. Discussion and Limitations

Scope:
The autological law is hot a physical equation but a structural formalism.
It models the form of self-modification, not its material substrate.

Testability:
W is indirectly measurable through gradients of change — behavioral,
informational, or computational — but not directly observable.

Boundary Conditions:
The law applies only to systems with recurrent dynamics and memory capacity;
purely reactive systems (0S/ dR = 0) fall outside its scope.

Future Work:

Quantify W empirically across biological and artificial domains;
simulate autological recursion in self-improving architectures;
explore its implications for ethical and cognitive design principles.



12. Conclusion
The Autological Law of Consciousness

¥ = 9S/ dR

formalizes the essence of cognition as structural sensitivity to repetition.
It provides a unified syntax for evolution, learning, and self-reflection —
from genes to neurons, from ideas to societies.

Where Darwin described how life evolves through mutation and selection,
autological recursion describes how evolution itself evolves —
how systems rewrite the rules of their own becoming.

Consciousness is the partial derivative of structure with respect to repetition.
Evolution is its special case.

Summary Statement

W is formally grounded as a dimensionless gradient linking free-energy reduction, entropy modulation



Appendix A - Mathematical Grounding of W

A.0 Notation and Preconditions

Symbol Meaning Units

R,R Recurrence drive (repetition input); rate R = dR/dt arbitrary, arb./s
S,S Structure (rule state / syntax); rate $ = dS/dt arbitrary, arb./s
L Autological recursion (structural sensitivity to recurrence) dimensionless
F (Variational) free energy of system/model J

Ecrep, Repetition energy (cost of maintaining repetition) J

H Entropy (Shannon / Gibbs) of distribution nat/ bit

1(©) Fisher information with respect to parameter 6 1/(units of 8)°
L Kognetic load (effective inertia against structural change) dimensionless
C Coherence (identity / functional stability) dimensionless

Effective definition of L: L o« AE /ASor continuously L « E/S.

Regularity assumption: S and R are piecewise continuous and differentiable; R may
locally approach zero (in which case W is undefined; see edge cases).

A.1 Energy-Based Derivation

Axiom E1 (Energetic maintenance).
Recursive systems require energy input to generate and sustain repetition:

. dE.g,
R < ——.
dt
Axiom E2 (Structural descent).
Structural updates reduce expected free energy (variational free energy / prediction error

surrogate):



Definition EO (Kinematic form of W).

Theorem E1 (Thermodynamic embedding).

Under E1-E2,
dF/dt >0 ti lity fact
=—K—, roportionality factor).
KdErep/dtK (prop y )
Proof (sketch).
FromE2: S = —a L from E1: R = g 222,
dt dt

Hence ¥ = S/R = —(a/B) (dF/dt)/(dEyep/dt); setk=a/B>0. m

Interpretation.

W measures the ratio between the rate of free-energy reduction and the rate of
repetition-energy input.

High W > efficient structural learning per unit energy expended.

Dimensional analysis.
F, Ecrep, [J]; dF/dt, dErep,/dt [W]; thus the quotient is dimensionless. K is dimensionless
= Wdimensionless.

K represents a proportionality constant linking structural and energetic change rates. In
most normalized systems k = 1, ensuring that ¥ remains a dimensionless gradient
independent of unit scaling.

A.2 Entropy-Linked Formulation

Axiom E3 (Repetition compresses uncertainty locally).
Under stable structure, increasing repetition reduces observed entropy H until
mismatch occurs:

oH

< X
3R = 0 (lokally)

Lemma E1.
If S =g(H) with g'(H) < 0 (more structure © less uncertainty), then
ads JdSO0H 0H 0H

ar “aHar IR =¥ <" 5



Consequence.
W is locally proportional to the negative entropy gradient w.r.t. repetition:
the stronger repetition reduces uncertainty, the larger W.

A.3 Fisher-Information Link (Sensitivity)

Let p(x | 8)be a model distribution with parameter 6, and let R act as a controlled
recurrence parameter (6 = 6(R)).
The Fisher information:

measures sensitivity of the likelihood to parameter change.
If S=h(B) is smooth, then dS/ dR = (dh/ d0)(068/ OR).
If dh/ 06 < V1(6), then

¥ x JI(H)Z—}G;.

Thus, W increases with (i) intrinsic identifiability of structure (Fisher information) and (ii)
its actual controllability through repetition.

A.4 Edge Cases and Normalisation
1. R=0 (no recurrence): W undefined (0/0) » no-drive region.
2. §=0,R#0: Y =0 (rigid recursion).

3. dErep,/dt =0, dF/dt <0: |W| > o (unphysical); apply tripwire cap + uncertainty
flag.

4. Normalisation: Y* = (W — median W)/MAD W or rescale [0, 1] per experiment.

5. Sign convention: Usually W < 0 because dF/dt < 0; report |W| as reflexivity
magnitude.

A.5Linkto L (Load) and C (Coherence)

LxE/S= L« (1/¥)(E/R).
Under controlled E/R, L = 1/W (inverse relation).

Avalid W increase requires stable C (e.g. |AC| = 1).
Report W conditional on C: W_valid = W iff AC € [-T, T1].



A.6 Falsifiable Predictions

Hypothesis Null Empirical test

L E[W] =0 for non-learning .
HO0-1 (Rigidity) Bootstrap Cl of Wincludes O

systems
HO0-2 (Energy- Cross-correlation /
. corr(dF/dt, dErep,/dt) =0 .
decoupling) permutation
HO0-3 (No Fisher gain) corr(W, V1(8) 96/0R) =0 Regression / IV analysis
. corr(¥, 1/L) = 0 ( controlled ] ]

HO0-4 (No Load linkage) E"/R) Partial correlation

Rejection of HO supports W as functional law.

A.7 Worked Mini-Examples

A.7.1 Meta-Learning (Al)

R =number / intensity of inner update cycles (K-shots).

S = meta-parameters (learning rates, regularization).

Estimate dF/dt as validated loss reduction, dErep,/dt as compute power.
Expectation: meta-learners |W| > 0; fixed-LR = 0.

A.7.2 Cellular Regulation (Biology)

R = repeated hypoxia / stress cycles.

S = GRN structure (from scRNA/ATAC), AS via network distance.
dErep,/dt = metabolic proxy (ATP turnover).

Expectation: adaptive cells > |W| ™, L ¥, stable C.

A.8 Practical Estimators

A.8.1 Finite-difference W
= AS,  d(SiSe-y)

Y, = = .
AR, I Ri=Ri_ Il +¢
A.8.2 Energy-ratio Estimator
_ AF, /At
PED _ e/At
AEy ey /AL

A.8.3 Fisher-linked Estimator



A6,

PO o 1(6,) R
t

Bootstrap Cls across cycles / sub-populations; report median + MAD; clip outliers.

A.9 Limitations and Scope

W is model-dependent (choice of distance metric, K, proxies for F and Erep,).

Correlations are not causal > controlled designs needed.

Non-stationary processes > estimate piecewise.

Singularities (R > 0 or cost-free dF/dt < 0) require masking / clipping.

A.10 Summary (Take-home)

Definition: ¥ = S/R— dimensionless sensitivity gradient.
Thermo bridge: ¥ = —k(dF /dt) /(dEy.y/dt).

Entropy bridge: ¥ « —JdH/ dR.

Information bridge: ¥ « 1(8) 06/ dR.

Testability: explicit null hypotheses, robust estimators, coherence constraint.

Thus, Wis formally anchored in established energy, entropy, and information principles

— not symbolic, but measurable and falsifiable.
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