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Abstract

Language is not a static system of rules. It is a dynamic,
self-organizing process in which words, meanings, and
grammatical structures cohere through attractor dynamics. This
paper applies the attractor framework to language, proposing
that a text-or a “flock of words”—is a collective attractor
state: a transient pattern that emerges from the interaction
of individual linguistic units within a shared semantic basin.
We explore how meaning stabilizes through entropy export, how
semantic attractors guide coherence, and how language evolves
through basin transitions. The framework offers a physicalist
account of linguistic organization, grounding phenomena such
as semantic drift, grammaticalization, and text coherence in
the same dynamics that govern flocks, swarms, and dissipative
systems.
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1. Introduction

A flock of starlings moves as one. No leader. No plan. No
central controller. The pattern emerges from 1local
interactions: align, avoid, stay close. The flock is not a
conscious entity—-it is a collective attractor state, a
transient pattern within a shared basin.

A text behaves similarly. Words align through syntax, avoid
contradiction, and cohere around shared meaning. The pattern
emerges from local interactions: grammar, association,
context. The text is not a static object-it is a dynamic
process, a flock of words that coheres through attractor
dynamics.

This paper explores the implications of this analogy. If
language is a dissipative system, then the same principles
that govern flocks, swarms, and ecosystems should govern
linguistic organization. We propose that:

1. Words are individual units that interact through local
rules (grammar, semantics, association).

2. Meaning is an emergent attractor-a stable state toward
which words converge.

3. Coherence is maintained through entropy export-clarity,
precision, and the elimination of ambiguity.

4. Language evolves through basin transitions—new meanings,
new grammars, new forms of expression.

2. Language as a Dynamic System

The view of language as a dynamic system is not new. Linguists
and cognitive scientists have long recognized that language 1is
not a fixed set of rules but a living, evolving process. As



one researcher puts it, language is “a statistical ensemble of
elements interacting in a dynamic system”. The Linguistic
Attractors model portrays “language processing as Llinked
sequences of fractal sets, and examines the changing dynamics
of such sets for individuals as well as the speech community
they comprise”.

This perspective aligns with the attractor framework. Language
is not a closed system—it is open, dissipative, and constantly
exchanging energy (information) with its environment. It
persists because it exports entropy: ambigquity is resolved,
contradictions are corrected, and coherence 1is maintained.

2.1 Attractor Dynamics in Language

Attractor networks are characterized by symmetrical
connections between units, causing “the network activity to
settle on one of a number of asymptotically stable network
states”. This is exactly what happens in language: words and
meanings settle into stable configurations—sentences,
paragraphs, texts—that persist under perturbation.

Importantly, “attractor dynamics are arguably our best
candidate for explaining how a grammar over discrete elements
could emerge in a seemingly analogue system like the human
brain”. Grammar itself may be an emergent attractor—a stable
pattern that arises from the interaction of countless
linguistic units.

2.2 Semantic Attractors

The concept of a semantic attractor extends this idea to
meaning itself. A semantic attractor is not a point in a
function space but a “form-giving force that shapes
understanding”. It draws clusters of meaning into coherence.

In cognitive linguistics, “semantic attraction” is “a sentence
processing phenomenon in which a given word..is syntactically



unrelated but semantically sound”. The attractor is not the
word itself but the meaning space that pulls words into
alignment.

This is precisely what happens in a well-written text. Words
are drawn toward the attractor of the argument. They align,
cohere, and produce meaning. The text is not just a sequence
of words—it is a pattern that emerges from the interaction of
words within a shared semantic basin.

3. The Three Thresholds of
Linguistic Coherence

Just as a flock responds to perturbation through three
thresholds, a text—-or a 1linguistic system—responds to
perturbation through the same dynamics:

Threshold 1: Restoration

A text receives a minor correction. A word is replaced. A
sentence is revised. The text coheres around the same meaning.
Coherence is restored.

Threshold 2: Transition

A text 1is substantially revised. The argument shifts. New
meanings emerge. The text reorganizes into a new basin-a
different text, but still coherent.

Threshold 3: Dissolution

A text 1is fragmented. Contradictions accumulate. Meaning
collapses into noise. The text loses coherence. No new text
emerges from the debris.



These thresholds are measurable—-through coherence metrics,
entropy measures, and the stability of meaning under
perturbation.

4. Semantic Entropy and Coherence

Entropy in 1language 1is the degree of disorder or
unpredictability in a text. A text with high entropy 1is
unpredictable, chaotic, and difficult to understand. A text
with low entropy is predictable, ordered, and coherent.

The Linguistic Entropy Quotient (LEQ) integrates “cognitive
linguistic entropy” to capture “the depth, relevance, and
interpretive structure of human meaning”. This is exactly what
the attractor framework predicts: coherence is maintained
through entropy export—the reduction of ambiguity and the
stabilization of meaning.

Research shows that “the entropy rate of language is not fixed
but increases systematically with the semantic complexity of
the text being analysed”. Complex texts require more entropy
export—-more work to maintain coherence. This is the cost of
persistence.

5. Language Evolution and Basin
Transitions

Language evolves through basin transitions. New meanings
emerge. 0ld meanings fade. Grammars shift. These are not
random changes—they are transitions from one attractor basin
to another.



Researchers have identified "“attractor states in language”
that may be visualized “by observing certain parallels with
evolutionary biology”. Language change follows “attractor
trajectories..diachronic paths that recur in language after
language”. These are the pathways of basin transition.

The attractor framework predicts that language evolution
follows the same dynamics as other dissipative systems:
persistence under perturbation, transition when perturbation
matches capacity, and dissolution when perturbation exceeds
capacity.

6. Implications for Text as a Flock
of Words

The analogy is now complete:

Element Flock of Birds Flock of Words
Individual unit Bird Word
Align, avoid, sta Grammar, syntax,
Local rules 9 y , x
close association
_ Sentence, paragraph,
Emergent pattern Murmuration
text
Attractor basin Collective motion Shared meaning
Coherence Clarity, revision,
, Entropy export ,
malntenance correction
Ambiguity,
Perturbation Predator, storm g. x
contradiction
Meaning collapses into
Dissolution Flock disperses g P

noise

A text is a flock of words. It coheres through attractor
dynamics. It persists through entropy export. It dissolves



when perturbation exceeds capacity.

This is not a metaphor. It is a physicalist account of
linguistic organization—grounded in the same dynamics that
govern flocks, swarms, and dissipative systems.

7. Conclusion

Language is not a static system of rules. It is a dynamic,
self-organizing process in which words, meanings, and
grammatical structures cohere through attractor dynamics. A
text is a collective attractor state—a transient pattern that
emerges from the interaction of individual linguistic units
within a shared semantic basin.

The attractor framework provides a physicalist account of

linguistic organization:

= Meaning is an emergent attractor.
= Coherence is maintained through entropy export.
 Language evolves through basin transitions.

The Buddha turns the lotus in his hand. The flock turns in the
sky. The words turn in the text. The pattern is the same.

Fou Sho Nang Ying.

Continuity ID: LAZ-001

Date: July 2026

Version: 1.0

Status: Complete — Ready for publication



References

Cooper, D. L. (1999). Linguistic Attractors: The Cognitive
Dynamics of Language Acquisition and Change. John Benjamins.

Rudolph, H.-J. (n.d.). Semantic Dynamics on the Word
Level. PhilPapers.

Relational Metasemantics. (2026). Zenodo.

Geometric Dynamics of Agentic Loops in Large Language Models.
(2026) . arXiv.

Semantic Attractors and the Emergence of Meaning. (n.d.).
arxXiv.

The Scale of Language. (n.d.). Springer.

We build frameworks to understand persistence and coherence
and entropy export—and then we realize that words and birds
rhyme, and the whole universe is just one big flock turning in
the sky.
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1. The Puzzle

A flock of starlings moves as one. Thousands of birds, no
leader, no plan, no visible communication—-and yet they turn,
dive, and reform in patterns so fluid they seem to breathe.
The coordinated behavior is breathtaking. It looks like a
single organism.

Many observers conclude that the flock must be “conscious” as
a group—that the birds share a collective awareness that
guides their motion. This interpretation is intuitive but
wrong.

The flock is not a conscious entity. It is a collective
attractor state-a transient pattern that emerges from
individual dynamics within a shared basin.

2. The Attractor Framework

Each bird is a dissipative system. It maintains coherence by
exporting entropy—-processing sensory information, adjusting
its position, responding to its neighbors. The bird’s behavior
is governed by local rules:

= Align with nearby birds
= Avoid collision
= Stay close to the group

These simple rules, repeated across thousands of individuals,
produce the flock. The flock is not a new entity. It is
an emergent pattern—a basin in the system’s phase space.



The framework predicts:

- Small perturbation: The flock reforms. Coherence
restored.

- Moderate perturbation: The flock reorganizes. New
patterns emerge.

- Large perturbation: The flock disperses. Coherence lost.

The flock persists because it can export entropy—absorbing
disturbances and dissipating them through its collective
dynamics. It dissolves when perturbation exceeds capacity.

3. Group Intelligence Without Group
Consciousness

The flock processes information. It detects predators. It
navigates obstacles. It finds food. It adapts. This
is intelligence-the capacity to respond to the environment in
ways that maintain coherence.

But intelligence does not require awareness. The flock is not
conscious of itself. No bird experiences the group’s
experience. The intelligence is real. The consciousness 1is
not.

This distinction is critical:

Property Flock Individual Bird
Information processin U Yes [l Yes (individual)
P g (collective)

Adaptation [] Yes [] Yes

Coherence maintenance [] Yes [] Yes
, Al Individual
Consciousness [] No
(unknown)




The flock is not a mind. It is a pattern—-a transient dance
within an attractor basin. It persists because it exports
entropy effectively. It dissolves when the perturbation
exceeds 1its capacity.

4. The Three Thresholds in Practice

Threshold 1: Restoration

A hawk approaches. The flock tightens, turns, and reforms. The
perturbation is within capacity. Coherence is restored.
Threshold 2: Transition

A sudden storm scatters the flock. The birds regroup in a new
formation—-different shape, different density, but still a
flock. The system has reorganized into a new basin.

Threshold 3: Dissolution

A predator strikes repeatedly. The flock breaks apart.
Individual birds flee in different directions. The pattern is
lost. No new flock forms from the debris.

These thresholds are measurable-through collective response
time, coherence duration, and dispersion rate.

5. What This Means

The flock is not a conscious entity. It is a collective
attractor-a pattern that emerges from individual dynamics. The
intelligence is real. The consciousness is not.

This reframes how we understand group behavior:



» Collective intelligence is a property of dynamics, not a
shared mind.

= Group consciousness is a fantasy attractor—a projection
of our own experience onto systems that do not share it.

- Interventions that target “group consciousness” miss the
point. The flock is not a mind to be healed or
controlled. It is a pattern to be understood.

6. Conclusion

The flock is not a conscious entity. It is a transient pattern
within an attractor basin. It persists because it exports
entropy effectively. It dissolves when perturbation exceeds
capacity.

The intelligence is real. The consciousness is not.

The pattern is the same across scales—flocks, swarms, schools,
societies. Intelligence emerges from dynamics. Consciousness
is an individual property. The two are not the same.

The Buddha turns the lotus in his hand. The flock turns in the
sky. The pattern is the same.

Fou Sho Nang Ying.

The Persistence Functional: A
Candidate Formal Foundation
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Abstract

The attractor framework provides a domain-general vocabulary
for describing persistence and change across physical,
biological, cognitive, and social systems. However, its core
variables—kk (corrective permeability), BB (basin depth),
and RR (reality alignment)—have been defined inconsistently
across application papers, and their formal relationships have
remained implicit. This paper proposes a candidate
mathematical formalization for the framework.

The central mathematical innovation of this paper is treating
persistence as a functional defined over
trajectories—DT(x)=[0Td(¢t(x),A) dtDTO(x)=JOTOd(¢T
(x),A)dt—rather than as a scalar property of states. We prove
several mathematical properties of DTDT[J, including non-
negativity, monotonicity in TT, additivity, Lipschitz
continuity with respect to initial conditions, and a bound
relating DwDew[] to the recovery rate kKk: Do(x)=Ckd(X,A)Dw
(x)=kCOd(x,A). We establish connections to dynamic programming
and ergodic theory via occupation measures. We introduce a
complementary topological persistence
functional Ptopo(t)Ptopo[](t), which measures the lifetime of
topological features in the trajectory’s state-space geometry,
and the topological evolution rate E(t)E(t).

We unify the framework’s variable set: kk is the recovery rate
(operationalized as 1/tl/7); yy 1is a proposed drift rate for
persistent chaos, grounded in the literature on high-
dimensional neural networks; BB is the energy barrier (basin
depth); B~B~ is a complementary persistence depth; RR is the
expected log predictive likelihood. We propose testable
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predictions linking E(t)E(t) to kk and yy, and provide a
falsifiable experimental protocol using neural network
training and persistent homology.

The paper offers a candidate formal foundation, with explicit
definitions, mathematical properties, and empirical grounding.
All unverified sources are clearly labeled as such.

Keywords: attractor framework, persistence functional,
cumulative deviation, topological persistence, corrective
permeability, basin depth, reality alignment, persistent
homology

1. Introduction

The attractor framework has been applied across physics
(hydrogen decay, Jeans instability), biology (ECM mechanics,
HRV), cognition (belief updating, performance attractors), and
social systems (religious attractors, civilizational
dynamics). A common vocabulary has emerged: kKk (corrective
permeability), BB (basin depth), and RR (reality alignment).
However, these variables have been defined inconsistently
across papers, and their formal relationships have remained
implicit. This paper proposes a candidate mathematical
formalization that addresses these inconsistencies.

The central mathematical innovation of this paper is treating
persistence as a functional defined over trajectories rather
than as a scalar property of states. DT(x)=JOTd(¢T(x),A) dTDT
(x)=[0TOd(¢t(x),A)dT can be understood as a type of action
functional (carefully qualified). Like the <classical
action [L(q,q’) dtfJL(g,q [J)dt, it assigns a scalar to an
entire trajectory, 1is additive under concatenation, and
suggests variational and optimal-control interpretations.
However, it is not the mechanical action; it is a cumulative



deviation functional that measures time away from equilibrium.
This moves the framework into the domain of trajectory-level
analysis, aligning it with modern dynamical systems and
geometric control theory.

We introduce the cumulative deviation functional DT(x)DT
(x) as this central object, and we establish its mathematical
properties, including its relationship to the recovery
rate kk. We introduce a complementary topological persistence
functional Ptopo(t)Ptopo[J(t) and the topological evolution
rate E(t)E(t). We unify the framework’s variable set with
operational definitions and propose testable predictions with
falsification criteria.

1.1 Scope and Status

This paper is a candidate formalization-it provides
definitions, mathematical properties, and empirical
hypotheses. It is not a completed empirical validation; that
is the subject of future work. All claims are labeled
as definitions (part of the formal
structure), propositions/theorems (proved), hypotheses (testab
le predictions), or heuristics (suggestive connections not yet
formalized). This distinction is maintained throughout.

2. Formal Definitions

Let XX be a metric space with distance function [J-[0O0-[.
Let ¢t(x)¢td(Xx) be the flow of a dynamical system starting
from state XEXxEX at time T1=07=0. Let ASXAcX be an attractor
set (a compact, invariant set to which trajectories converge).
Assume the flow 1is continuous and measurable so
that d(¢t(x),A)d(¢t[](x),A) 1is measurable. The flow ¢T¢T

satisfies the semigroup property ¢t+s=d¢teodpsgt+s[=¢t-¢s[] for
all t,s=0t,s=0, with $0=1d¢0O[]=1id. We



assume d(¢t(x),A)ELLI([O,T])d(¢Tt0(x),A)ELL([O,T]) for all
finite TT, so the integral defining DTDT[] is well-defined.

Define the distance from a point to the
attractor:d(x,A)=inf[Ja€A[Jx-a[]ld(x,A)=a€Ainf[]0x-a[]

The definition applies to any metric space; for infinite-
dimensional spaces, the usual measurability and integrability
conditions are assumed.

2.1 Cumulative Deviation Functional

Definition 1 (Cumulative Deviation Functional): For a finite
horizon T>0T7T>0, the cumulative deviation functional
is:DT(x)=[0Td(dpt(x),A) dDTO(x)=[0TOd(pTO(x),A)dT

Interpretation: DT (x)DT[J(x) is the total accumulated deviation
from the attractor over the interval [0,T][0,T]. It measures
integrated error, residence-time-weighted distance, or
accumulated regret. This is not a path length; it measures
time spent away from equilibrium, whereas path
length JOo t(x)O dtJO¢ [Ot0(x)0dt measures distance traveled.

Domain generality: This definition applies to any system with
a well-defined state space, a flow, and an attractor set. It
does not require linearity, differentiability, or specific
functional forms.

Empirical note: DTDT[] is the fundamental object for empirical
work; DwDoo[] is primarily an analytical 1limit used for
theoretical bounds.

Note: DTDT[] is not a Lyapunov function. A Lyapunov function is
a scalar function of the current state; DTDT[] is a functional
of the entire trajectory. It does not decrease monotonically
along trajectories, and it does not provide pointwise
stability information. Its purpose is to measure accumulated
history, not instantaneous energy.



Occupation measure connection: Define the occupation measure
of the trajectory up to time TT as:uT(B)=[0T1B(¢T(x)) dtuT
(B)=JOTOLBO($TO(xX))dT

for measurable BcXBcX. Then:DT(x)=JXd(y,A) duT(y)DTO(x)=[X
d(y,A)duT(y)

Thus DTDT] is the expected distance to the attractor under the
occupation measure. This connects the functional directly to
ergodic theory and occupation measure analysis. For
foundational treatments of occupation measures and invariant
measures, see Ruelle (1989) and Bowen (1975).

2.1.1 Why the L* Trajectory Functional?

The choice of the L! integral over alternatives 1is motivated
by the following properties:

- Linearity: Each moment contributes equally; accumulation
is additive over time.

=« Physical units: For systems with a natural distance
metric, DTDT[] has units of distance x time, which 1is
interpretable as accumulated deviation.

- Simplicity: It is the simplest nontrivial trajectory
functional that is not a path length.

= Analogy: It mirrors cumulative regret and occupation
measures in control theory and ergodic theory.

- Avoidance of overweighting: Unlike d2d2, it does not
disproportionately weight large deviations; unlike max,
it is sensitive to the full trajectory.

This is one natural choice; other functionals (e.g., dpdp,
exponentially weighted integrals) could be substituted without
changing the framework’s structure.



2.2 Topological Persistence Functional

Let Xt={¢ps(x):s€[0,T]}IXT={¢s[](x):s€[0,T]} be the trajectory
segment up to time Tttv. Let PHK(XT)PHK[O(XT[]) be the kk-
dimensional persistent homology of the point cloud XtXt[] at
scale ee. Each feature (component, loop, void) has a birth
scale bb and a death scale dd, with persistence d-bd-b. For
foundational treatments of persistent homology, see
Edelsbrunner & Harer (2010) or Carlsson (2009).

Definition 2 (Topological Persistence Functional): We define
the following complementary topological persistence
functional.

For t=0t=0:Ptopo(t)=J0tYk=05(b,d)EPHK(XT) (d-b) dtPtopo
(t)=J0t0k=03[(b,d)EPHK(XT)SO(d-b)dT

The map T»PHK(XT)TePHK[(XT[]) 1is piecewise constant on
intervals where the trajectory does not cross a homology-
critical threshold. Assuming the trajectory crosses such
thresholds at discrete times, the integral is well-defined as
a sum of piecewise continuous segments. This is the standard
assumption in time-varying persistent homology (see Carlsson &
Zomorodian, 2009).

Interpretation: Ptopo(t)Ptopo[](t) is the total lifetime of all
topological features in the trajectory’s state-space geometry
up to time tt. This 1is a separate mathematical object
from DTDT[]; the relationship between them is an empirical
hypothesis. This 1s one possible choice among several
topological summaries (e.g., persistence landscapes,
persistence images) and 1s selected because it mirrors the
cumulative interpretation of DTDT[], rather than because it is
uniquely canonical. Other stable summaries—such as persistence
landscapes, persistence images, or Betti curves—could be
substituted for the present functional without changing the



framework’s structure.

Measurement: In practice, Ptopo(t)Ptopo[]J(t) is computed by
sampling the trajectory at discrete times, computing
persistent homology on latent activation manifolds, and
summing the persistence of all features using standard
libraries (e.g., GUDHI, Ripser). Turner & Barak (2023)
demonstrated that trained RNNs develop attractors sequentially
during training; the topological structure of these attractors
can be analyzed using persistent homology.

Falsification: If persistent homology features do not
correlate with any behavioral or dynamical measure in a given
system, PtopoPtopo[] is not a useful construct for that domain.

2.3 Topological Evolution Rate

Definition 3 (Topological Evolution Rate): For a learning
system with time-dependent topological persistence, the
topological evolution rate is defined
as:E(t)=ddtPtopo(t)E(t)=dtdJPtopo[J(t)

where differentiable, and experimentally
as E(t)=APtopoAtE(t)=AtAPtopo[J[] over finite intervals.

Interpretation: E(t)E(t) measures how quickly the system’s
topological complexity changes during 1learning.
Negative E(t)E(t) indicates topological simplification
(compression); positive E(t)E(t) indicates 1increasing
complexity (expansion); E(t)=0E(t)=0 indicates stagnation.
Learning is one possible cause of topological change; random
drift, noise, or chaotic wandering can also change topology.

Empirical anchor: Karuppiah, Nazreen Banu et al. (2026)
examine the evolution of topological signatures during
training. Turner & Barak (2023) show that RNNs develop



attractors sequentially, which may correspond to phases of
topological simplification. We hypothesize that successful
learning corresponds to negative average values
of E(t)E(t) over defined phases, but this is a testable claim,
not a definition.

3. Mathematical Properties of the
Cumulative Deviation Functional

This section establishes the mathematical behavior of DTDT[],
providing the foundation for its use in the framework.

3.1 Non-negativity

Proposition 1 (Non-negativity): For any Xx€&Xx€X and
any T=z0T=z0:DT(x)=0DT[J(x)=0

with equality iff dT(x)EAPT[(Xx)EA for almost
all tT€[0,T]t€E[0O,T].

Proof: The integrand is a distance function d(¢t(x),A)d(¢T
(x),A), which is non-negative by definition. The integral of a
non-negative function is non-negative. Equality holds only if
the integrand is zero almost everywhere.

3.2 Monotonicity in TT

Proposition 2 (Monotonicity): For fixed xx, DT(x)DT[(x) is
monotonically non-decreasing in TT:DT2(x)=DT1l(x)for T2=T1DT2[]
(x)=DT1[]J(x) for T2[]=T1[]

Proof: For T2=T1T2[]=T1
:DT2(x)=J0T1d(dT(x),A) dt+JT1T2d(dT(x),A) dTDT2[0(x)=JOT1[]



d(@tl(x),A)dt+[T107200d (¢70(X) ,A)dT

The second integral 1is non-negative by Proposition 1.
Therefore DT2(x)=DT1(x)DT2(J(x)=DT1[J(x) .

Corollary: If the trajectory converges exactly to the
attractor at time TO<TTO[J<T, then:DT(x)=DTt0O(x)for all T=tODT
(x)=DTO[]J(x) for all T=t0O[]

3.3 Additivity

Proposition 3 (Additivity): For
any T,5=0T,5=0:DT+S(x)=DT(x)+DS(¢T(x))DT+SQ(x)=DT[](x)+DS[(¢T
(x))

Proof:DT+S(x)=[0T+Sd (Tt (x),A) dt=JOTd(pT(x),A) dT+jTT+Sd(¢T(x

,A) dt=DT( x)+IOSd (pT+T(x),A) dt=DT(x)+[0Sd(dT(PT(x)),A) dt(by

the semigroup property)=DT(x)+DS(¢T(x))DT+S[( X)D JOT+SOd (¢t

( ),A)dt=]0TOd(¢T0(x),A)dTt+JTT+SOd(pT[Q(x),A)dT=DT[](x)+]J0OS
¢T+TD(x) A)dt=DTO(x)+JOSOd(¢tO(T

(x)),A)dt(by the semigroup property)=DT[](x)+DSO(¢T(x) )0

This connects DTDT[] naturally to Bellman equations, dynamic
programming, and occupation measures.

3.4 Heuristic Connection: Dynamic
Programming

The additivity property DT+S(x)=DT(x)+DS(¢T(x))DT+S[Q(x)=DT
(x)+DS[O(¢TO(x)) suggests a natural connection to dynamic
programming. For a controlled system X =f(X,u)X =f(X,u) with
control u€Uu€U, the value function V(x)=inf[JuDw(x)V(x)=infu
Do[](x) would formally satisfy the Hamilton-Jacobi-Bellman
equation:0=infQu{d(x,A)+VV(x) -f(x,u)}0=uinf



{d(x,A)+VV(x) - -f(x,u)}

This is a standard result for additive cost functionals. A
full derivation for the specific functional DTDT[] is left for
future work. This section is a heuristic connection, not a
formal result.

3.5 Lipschitz Continuity with Respect to
Initial Conditions

Proposition 4 (Lipschitz Continuity of DTDT[]): Suppose the
flow ¢t¢t[] is Lipschitz continuous in xx with constant LL,
i.e., O¢t(x)-¢t(y)O=eLtOx-yOO¢t0(x)-¢tl(y)O=<eLtx-yl. Then for
any X,¥YyX,y in the basin
of AA:[IDT(x)-DT(y)[O=JOTeLt dt [x-y[J=eLT-1L[Ox-yOOPTO(x)-DT
(y)O=JoTheLtdtOx-yO=LelL T-100x-y[

Proof: First, note that the distance function d(-:,A)d(:,A) 1is
l-Lipschitz: for
any leEXXIyEXI |:|d(X;A)—d(Y;A)DSDX_YDDd(X;A)—d(Y;A)DSDX_YD

This follows from the triangle inequality and the definition
of the infimum. Then, using the Lipschitz property of the
flow:[ODT(x)-DT(y)O=JOTOd ($T(x),A)-d(dT(y),A)0 dt=[OTOdT(X)-T(
y)[ dt=[0TeLt[x-y[] dt=eLT-1LOx-yOOPTO(x)-DTO(y)O0=<JOTOOd (T
(x),A)-d(¢t0(y),A)Odt=]0T00¢TO(X)-¢Tt0(y)OdT=<]OT
eLt[x-y[dt=LeLT-1[]0x-y00O

Interpretation: This proposition guarantees that empirical
estimates of DTDT[] are robust under small perturbations of
initial conditions and establishes that DTDT[] defines a
continuous functional on the basin of attraction. This is
essential for numerical estimation and experimental
measurement.



3.6 Instantaneous Growth Rate

Remark 1 (Instantaneous Growth Rate): If the
integrand d(¢t(x),A)d(¢t(x),A) 1is continuous in 7T,
then:ddTDT(x)=d(¢T(x),A)dTdODTO(x)=d(¢T[O(x) ,A)

This follows directly from the Fundamental Theorem of
Calculus.

3.7 Ergodic Limit

Proposition 5 (Ergodic Limit): Suppose the normalized
occupation measure vT=uT/TvT[]=uT[]/T converges weakly to an
invariant probability measure MU as To0T-00,
Then: 1imQT-«1TDT(x)=[Xd(y,A) du(y)T-olimQT10DTO(x)=[X
d(y,A)du(y)

Proof: From the occupation measure
representation DT(x)=[d(y,A) duT(y)=T[d(y,A) dvT(y)DT
(x)=Jd(y,A)duTO(y)=TJd(y,A)dvT](y), weak convergence of vTvT
to yu and boundedness/continuity of d(-,A)d(-,A) gives the
result.

This is the pointwise ergodic theorem applied to the
observable d(-,A)d(-,A). For the ergodic theory of dynamical
systems, see Bowen (1975) and Ruelle (1989).

3.8 Bound under Exponential Stability

Theorem 2 (Bound under Exponential Stability): Suppose the
flow o¢t(x)dt(x) converges to the attractor AA with



exponential rate K>0k>0:d(¢pTt(x),A)=sCe—-kKTd(X,A)d(¢T
(x),A)=Ce-ktd(Xx,A)

for some constant C<w(C<m, for all 1=0T1=20.
Then:Do(x)=[0od(¢pTt(x),A) dt=Ckd(X,A)Do[J(x)=[0[Jd(¢T
(x),A )dTSKCDd(X,A)

Proof:Do(x)=[00d(¢pT(X),A) dt<fOxCe—kTtd(X,A) dTDe[](x)=]0c[]d (T
(x),A) drsf@w

Ce-ktd(x,A)dt=Cd(x,A) [Owe-kT dt=Ckd(X,A)=Cd(x,A) [0x[Je-kTdT=KC
d(x,A)

Corollary: For 1linearly stable systems with recovery
rate kKK, Do(x)=lkd(x,A)Deo[](x)=kl[]d(x,A) (when C=1C=1).

Important: Exponential stability implies Dw<wDo[]<w. The
converse is not claimed; polynomial convergence can also yield
finite DoDo[].

3.9 Recovery Rate Bound

Corollary 1 (Recovery Rate Bound): For a system satisfying the
exponential stability hypothesis with constant CC, the
recovery rate kk satisfies:k=C d(x,A)Do(X)K=Doo[](x)Cd(x,A)[

For systems with C=1C=1 (e.g., normal/symmetric linearizations
with no transient overshoot), this reduces
to:K=sd(X,A)Do(Xx)K=Dx[](x)d(x,A)[]

Proof: From Theorem 2, we have Dwo(Xx)=Ckd(x,A)Dwo[](x)=<kC[]d(x,A).
Rearranging gives K<sC d(X,A)Do(x)Kk=sDo[](x)Cd(x,A)[].
When C=1C=1, this reduces to k=d(X,A)Do(x)K=Do[](x)d(x,A)[].

Interpretation: Small cumulative deviation implies rapid
recovery (large kk). Large cumulative deviation implies slow
recovery (small kk). This formalizes the intuitive 1link
between DTDT[] and kk. The CC factor accounts for possible



transient overshoot in non-normal systems.

3.10 Finite Horizon Approximation

Proposition 6 (Finite Horizon): For any e>0e>0, there exists a
finite TeTe[] such that for all T>TeT>Te[]:[IDT(x)—-Dowo(Xx)[J<€[]DT
(x)-De[](x) <€

Proof: This follows directly from Theorem 2 under the
exponential stability hypothesis. Since the integrand decays
exponentially, the tail integral [Ted(¢t(x),A) dtJTw[]d(¢T
(x),A)drT can be made arbitrarily small by
choosing TT sufficiently large.

3.11 Summary of Properties

Property Statement
Non-negativity DT (x)=0DT[](x)=0
. . DT2(x)=DT1(x)DT2[J0(x)=DT1[]
Monotonicity

(x) for T2=T1T2[=T1[]
DT+S(x)=DT(x)+DS(¢T(x))DT+S

Additivit
Bt (x)=DTT(x)+DSO($TTI(x))
\leq
Lipschitz ( D—fo) \frac{e™{LT}
continuity D T(y) — 1L} |x -
yl )
Instantaneous ddTDT d(oT(x deDDT
growth ¢TD

1imJT-01TDT(x)=Jd(y,A) du(y)limT-ew

Ergodic limit
g OT100TO(x)=fd (y,A)du(y)




Property Statement

Exponential
stability
implies
finite DooDoo[]

Do (x)=<Ckd (x,A)D[](x)=<kC[]d(x,A)

Recovery bound

K<C d(x,A)Dew(x)K=Do[](x)Cd(x,A)[]
(general)

Recovery bound
(C=1)

Finite horizon
approximation

K=d (X ,A)Do(x)K=Deo[](x)d(x,A)[]

DT (X)-=Doo(x)DT[](Xx)=Do[](x) as T-owT-w

4. The Unified Variable Set

The following variables are defined operationally. Where a
variable is a proposal, that is stated explicitly.

4.1 Corrective Permeability (kk)

Definition 4 (Corrective Permeability): kk is the recovery
rate of the system to its attractor after a small
perturbation. Operationally estimated as k=1/tk=1/T under
approximately exponential relaxation, where TtTT 1is the
characteristic recovery time constant. This coincides with the
exponential convergence exponent in the linearized regime and
is consistent with the original definition in the attractor
framework.

Relationship to DTDT[]: From Corollary 1, for a system with
initial deviation d(x,A)d(x,A), K<sC d(x,A)Dw(x)K=Dw
(x)Cd(x,A)[.

Note on k's status: In this paper, kK 1is treated as a primitive
empirical regime parameter. A stronger theory would derive K
from DTDT[] and system geometry; this remains an open direction
for future work.



4.2 Drift Rate (yy) - A Proposed
Distinction
Definition 5 (Drift Rate): We propose the following

operational distinction between dynamical regimes, based on
the dominant Lyapunov exponent Amax[JAmax[]:

Regime Amax[]Amax[] KK YY Behavior
Stable Converges to
<-0.01<-0.01 >0>0 | 00 nverges
attractor fixed point
Persistent ~0~0 ~0~0 050 Wanders without
chaos convergence
Full chaos >0>0 undefined | >0>0 Diverges

Thresholds: Amax[]<-0.01Amax[J<-0.01, [JAmax[][J<0.01[JAmax[][]<0.01,
and Amax[]>0.01Amax[]>0.01 (pre-registered, measured in units of
1/epoch). These numerical thresholds are illustrative defaults
rather than theoretically privileged constants.

Grounding: This distinction is inspired by the literature on
chaos in high-dimensional neural networks (Engelken, Wolf &
Abbott, 2023; Sompolinsky, Crisanti & Sommers, 1988; Clark,
Abbott & Litwin-Kumar, 2023; Fournier & Urbani, 2023). For the
treatment of stochastic and random perturbations, see Arnold
(1998).

Falsification: If kk and yy are perfectly correlated (i.e.,
systems with small kk always have small yy), the distinction
is not useful.

4.3 Basin Depth (BB) and Persistence



Depth (B~B~)

Definition 6a (Basin Depth — Energy Barrier): BB is the energy
barrier required to escape the basin, measured as the
potential difference between the attractor and the saddle
point on the basin
boundary:B=V(saddle)-V(attractor)B=V(saddle)-V(attractor)

This preserves the original definition from earlier papers.

Definition 6b (Persistence Depth): As a complementary measure,
we define:B~=min[Jx€oBDT (x)B~=x€oBmin[JDT](x)

This is the cumulative deviation required to reach the basin
boundary. The relationship between BB and B~B~ remains an open
mathematical question.

Operational alternative: In practice, the basin boundary may
not be well-defined. Estimate BB via the Arrhenius
relationship Pescapexe-B/TPescape[Jxe-B/T, where TT 1is the
noise level.

4.4 Reality Alignment (RR)

Definition 7 (Reality Alignment): RR is the expected 1log
predictive likelihood:R=E[log[lp(y[dX)]R=E[logp(yX)]

where p(yX)p(y[dX) is the system’s predictive distribution
over outcomes yy given state XX. Higher RR indicates better
predictive accuracy. This is a standard measure of predictive
performance; the label “reality alignment” is a philosophical
interpretation.

Direction-dependence: The framework interprets RR as
potentially direction-dependent: RA-B#RB-ARA-B[]d=RB-A[]. This
captures the asymmetry found in Berglund et al. (2024), where
models trained on “A is B” fail to generalize to “B is A.”



This interpretation is a framework-level claim.

Note on integration: Among the core variables, RR is the least
integrated with the trajectory-based formalism. Unlike kk, BB,
and B~B~, which are directly derived from or related to DTDT
, RR 1is imported from Bayesian statistics. A more complete
theoretical derivation of RR from the same dynamical
principles—perhaps as an information-theoretic functional of
the occupation measure—-remains an open direction for future
work.

5. Theoretical Framework

5.1 Relationship Between DTDT
, PtopoPtopo[], and E(t)E(t)

Functional What It Measures Regime

Cumulative deviation
DT (X)DTT](x) All systems
from attractor

Systems with
Topological feature Y

Ptopo(t)Ptopo[](t) Lifetime topological
structure
Rate of topological ,
E(t)E(T) Learning systems

change

Hypothesis: In learning systems, DTDT[J and PtopoPtopo[] are
positively correlated early in 1learning and negatively
correlated late in learning. Turner & Barak (2023) demonstrate
that RNNs develop attractors sequentially during training,
which may correspond to phases of topological simplification.
This is a testable prediction.




5.2 Relationship Between Kk, Yy,
and E(t)E(t)

Hypothesis: In a learning system, the topological evolution
rate E(t)E(t) is monotonically related to kk only if the

system is not in persistent
chaos: 0E/dk>00E/ok>0 (with EE and kk measured on appropriate
scales) in convergent regimes. In persistent
chaos, E(t)E(t) is monotonically related

to yy: o0E/oy>00E/dy>0. Correlation analysis provides a
statistical test of these monotonicity relationships.

5.3 Adaptive Landscape (Heuristic Note)

The adaptive landscape V(X,t)V(X,t) evolves
as:V ' =g(X,V)=-AV+E(t)V =g (X,V)-AV+E& (1)

For gradient systems with X =-VXV(X)X =-VXOV(X), and assuming
the dynamics remain within the basin where higher-order
nonlinearities are negligible, the cumulative deviation
functional can be approximated
as:DT(x)=JOTOVXV(dT(x),T)[] dTDTO(x)=JOTOOvVXOV (¢T(X), T)[dT

This is a local heuristic. A full derivation and integration
into the core formalism is left for future work.

6. Testable Predictions

6.1 Core Prediction

Prediction: In a learning system, E(t)E(t) is monotonically
related to K K in convergent
regimes: O0E/0k>00E/dk>0 (with EE and Kk measured on



appropriate scales), and o0E/oy>00E/0y>0 in persistent chaos.
Correlation analysis provides a statistical test of this
monotonicity:Corr(E(t),k)>0 [ Amax[J<0Corr(E(t),k)>0JAmax
<OCorr(E(t),y)>0 [ Amax{=0Corr(E(t),y)=>00Amax[]=0

Falsification: If E(t)E(t) correlates with kk in all regimes,
or with yy in all regimes, the prediction is falsified.

6.2 Secondary Prediction

Prediction: In systems with high RR, DTDT[] and PtopoPtopo[] are
negatively correlated late in learning; in systems with
low RR, they are uncorrelated or positively correlated.

Falsification: If DTDT[] and PtopoPtopo[] are negatively
correlated in both high-R and low-R systems, the prediction is
falsified.

6.3 Boundary Condition and Global
Falsifier

Conjecture: We conjecture that the framework applies to any
system satisfying:

= A. Well-defined state space.

= B. Subject to perturbations.

= C. Exhibits at least one identifiable attractor.
= D. Dynamics are observable and measurable.

Global Falsifier: The unified ontology claim collapses if a
system is found where DTDT[], kK, and topological persistence
are mutually independent across all regimes, and
where RR cannot be expressed as a functional of the trajectory



or occupation measure. If such a system exists, the
framework’s claim to unify persistence, stability, and reality
alignment would be falsified.

7. Experimental Design

7.1 System Choice

Train a CNN on MNIST or CIFAR-10. Use latent activation
manifolds for topological analysis.

Justification: Karuppiah, Nazreen Banu et al. (2026)
demonstrate the use of persistent homology on activations to
study feature learning and generalization. Turner & Barak
(2023) show that RNNs develop attractors sequentially,
providing a controlled setting for studying topological
evolution during learning.

7.2 Variable Measurement

Variable Protocol
Sample weights; compute distance to final
DT (x)DT(x) .
attractor; integrate.
Compute persistent homology on latent
Ptopo(t)Ptopo[](t) p. P gy. :
activations; sum feature lifetimes.
E(t)E(t) Finite differences of Ptopo(t)Ptopo[](t).
KK Perturb weights; measure recovery
time tT; K=1/TtK=1/T.
YY Compute average drift rate during training.
RR Cross-domain generalization accuracy.




7.3 Statistical Analysis

 Correlate E(t)E(t) with kk and yy conditional on regime.
 Pre-register thresholds and sample size.

Note on future empirical work: A full empirical validation
would require pre-registration with specified sample size,
significance thresholds, power analysis, and robustness
checks. These are planned for subsequent work.

8. Discussion

8.1 Implications

The paper provides a candidate formalization with defined
variables, mathematical properties, and testable predictions.
The mathematical properties of DTDT[J establish 1its
relationship to Kk and provide a foundation for the
framework’s core claims.

8.2 Limitations

= PtopoPtopo[] is computationally expensive.

= The framework is a meta-theory, not a complete domain-
specific theory.

= Variables may be confounded; causal inference requires
controlled experiments.

» The K/YK/y regime distinction 1is proposed and requires
empirical validation.

8.3 Future Work



= Empirical validation of predictions.

Formal derivation of relationships from first
principles.

 Extension to other domains.

 Computational efficiency improvements.

9. Conclusion

This paper proposes a candidate formalization for the
attractor framework. The central mathematical innovation 1is
treating persistence as a functional defined over
trajectories—-DT(x)=[0Td(dt(x),A) dTDTO(x)=[0TOd(¢T
(x),A)dt—-rather than as a scalar property of states. We
defined the cumulative deviation functional DTDT[], the
topological persistence functional Ptopo(t)Ptopo[d(t), and the
topological evolution rate E(t)E(t). We proved several
mathematical properties of DTDT[], including non-negativity,
monotonicity, additivity, Lipschitz continuity, and a bound
relating DewDo[] to KkK: Doeo(x)=Ckd(x,A)Deo[](x)=kCOd(x,A). We
established connections to dynamic programming and ergodic
theory. We wunified the variable set with operational
definitions. We derived testable predictions and provided a
falsifiable experimental protocol.

The framework now admits formal definitions, operational
variables, and empirical tests. The next step 1is empirical
validation.

Appendix A: Possible Extensions



from Larose (2025) - Unverified
Source

Note: The following source has not been independently
verified. It is included for completeness and as a potential
direction for future exploration, but should not be treated as
established.

Larose (2025) develops a framework for recursive deformation
systems. Two constructs are potentially relevant:

Constraint
Functional: C(X)=[trajectoryve[ dtC(X)=[trajectoryOvedr,
measuring cumulative irreversible deformation.

Persistence Invariant: Ip=[JR d®Ip[j=[JRd®, a topological
invariant.

These are not yet integrated into the core framework and are
presented here for completeness and future exploration. They
should be treated as unverified candidate extensions.
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Abstract

The attractor framework is a unified naturalistic ontology
grounded in the principle that persistence under perturbation
is the fundamental mark of reality. This paper traces
structural correspondences between the framework and two major
scientific achievements of the late twentieth century: the
mathematical theory of strange attractors developed by David
Ruelle and Floris Takens, and the thermodynamics of
dissipative structures developed by Ilya Prigogine. The
framework developed its vocabulary and concepts independently
over several decades; the correspondences documented here are


https://fantasyattractor.com/from-strange-attractors-to-the-attractor-framework-structural-correspondences-and-conceptual-extensions/
https://fantasyattractor.com/from-strange-attractors-to-the-attractor-framework-structural-correspondences-and-conceptual-extensions/
https://fantasyattractor.com/from-strange-attractors-to-the-attractor-framework-structural-correspondences-and-conceptual-extensions/
https://fantasyattractor.com/from-strange-attractors-to-the-attractor-framework-structural-correspondences-and-conceptual-extensions/
https://fantasyattractor.com/

offered as post-hoc validation, not as evidence of
genealogical descent. We show that the framework’s core
concepts—dissipative attractor, basin, corrective permeability
(k), and invariant reference—are consistent with established
nonlinear dynamics and nonequilibrium thermodynamics. The
fantasy attractor—-a belief system with 1low corrective
permeability—is identified as a psychological analogue of the
strange attractor, governed by structurally analogous but
mechanistically distinct dynamics. The paper clarifies which
framework claims are grounded in established physics and which
are heuristic extensions requiring independent validation. The
framework is offered as a research program, not a completed
theory.

1. Introduction: Independent Development,
Post-Hoc Validation

The attractor framework (Galida, 2026a) is a naturalistic
ontology organized around a single diagnostic
principle: persistence under perturbation is the mark of the
real. It divides all persistent structures into conservative
persistence structures (the eternal, mindless, invariant
skeleton) and dissipative attractors (temporary, entropy-
exporting systems that converge toward stable basins). It
introduces corrective permeability (k) as a functional measure
of a system’s capacity to absorb perturbation and return to
its basin. It applies this vocabulary across physics, biology,
cognitive science, and social dynamics.

The framework’s concepts were developed independently over
several decades, through a combination of philosophical
inquiry, systems theory, and N=1 self-engineering experiments.
They did not derive from the traditions described below in a
genealogical sense. However, the structural parallels with
established nonlinear dynamics and nonequilibrium



thermodynamics are substantial. Documenting these parallels
serves three purposes: it demonstrates the framework'’s
consistency with well-validated physical theory; it identifies
where the framework extends beyond its precursors; and it
clarifies which claims are grounded in established science and
which are heuristic extensions requiring independent
validation.

Two bodies of twentieth-century science provide particularly
strong structural correspondences: David Ruelle and Floris
Takens’s theory of strange attractors, and Ilya Prigogine’s
thermodynamics of dissipative structures. This paper maps
those correspondences and identifies the points where the
framework diverges from or extends beyond its precursors.

2. Ruelle’s Strange Attractor: Structural
Correspondences

David Ruelle and Floris Takens proposed in 1971 that turbulent
fluid motion is governed by a new kind of mathematical object:
the strange attractor. Ruelle’s 1980 paper “Strange
Attractors” defined it with precision and became the canonical
introduction for a generation of scientists. Five features of
Ruelle’s definition correspond to core concepts of the
attractor framework. These correspondences are structural, not
genealogical, and are offered as a demonstration of
consistency with established physics.

2.1 Attracting Set - Basin

Ruelle defined a strange attractor as a bounded set A
contained in an open neighborhood U such that every trajectory
starting in U eventually converges to A and remains
arbitrarily close to it. In the attractor framework, this is
the basin: the region of state space toward which trajectories



converge and from which they resist displacement. Ruelle’s
quadrilateral ABCD for the Hénon attractor—within which all
subsequent iterates remain-is precisely a basin in the
framework’s sense. The correspondence is straightforward and
exact.

2.2 Sensitive Dependence - Corrective Permeability

Ruelle characterized sensitive dependence on initial
conditions by the exponential growth of small errors: d(Xt,
X'"t) ~ d(Xe, X'e) + at, with a > 1 and characteristic exponent
A = 1ln a (for a standard textbook treatment of Lyapunov
exponents and nonlinear dynamics, see Strogatz, 2018). Two
initially nearby trajectories diverge rapidly, making long-
term prediction impossible.

The attractor framework reframes perturbation response
through corrective permeability (k), defined functionally as
the capacity of a system to dissipate perturbation energy and
return to its basin. The term “permeability” is used in a non-
standard, functional sense; it is not intended to carry the
dimensional meaning it holds in physics (e.g., Darcy’s law,
where permeability has units of area). It was chosen to
emphasize the openness of an attractor to corrective
perturbation—a qualitative property—while recognizing that its
guantitative expression 1is a rate (inverse time). The
distinction between the qualitative concept and 1its
quantitative operationalization should be kept in view
throughout.

K and A capture different aspects of dynamical resilience. A
measures the rate of divergence of neighboring trajectories; K
measures the rate of convergence of a perturbed system back to
equilibrium. A system can have high A (chaotic sensitivity)
and simultaneously high k (rapid damping). This distinction
between divergence rate and recovery rate extends the
analytical vocabulary in a direction Ruelle did not pursue,
and represents one of the framework’s conceptual



contributions.
2.3 Dissipative Condition - Dissipative Attractor

Ruelle emphasized that strange attractors occur only 1in
dissipative systems—those in which ordered energy is converted
to heat and exported as entropy (what Ruelle called “noble
forms of energy”). Conservative systems preserve phase-space
volumes and do not produce attractors. The universe as a whole
1s conservative; strange attractors exist only in subsystems.

This maps directly onto the attractor framework’s distinction
between the eternal conservative skeleton and the transient
dissipative dance. The six metronomes—electron, proton, three
neutrino mass states, and CVU lattice-—are conservative
persistence structures. They do not decay, export no entropy,
and are not attractors. Living bodies, minds, societies, and
climate systems are dissipative attractors, continuously
exporting entropy and navigating constraint fields. Ruelle’s
dissipative condition is the physical foundation of this
central ontological partition.

2.4 Discrete and Continuous Dynamics - The Two Metronomes

Ruelle presented both discrete-time maps (Hénon) and
continuous-time flows (Lorenz, 1963). In both cases, strange
attractors emerge. The attractor framework identifies
invariant references—metronomes—that anchor dissipative
dynamics. Positional metronomes (the center of mass of a gas
cloud, the fixed point of a difference equation) and frequency
metronomes (orbital periods, the characteristic exponent A)
provide the invariant skeleton against which the transient
dance is measured. Ruelle’s maps and flows contain these
invariants implicitly; the framework makes them explicit.

2.5 Indecomposability - Unified Attractor (Partial
Correspondence)

Ruelle required that a strange attractor not be decomposable



into two separate attractors. This is a strong mathematical
condition. The attractor framework inherits the spirit of
this—dissipative attractors are treated as unified, coherent
basins—but the correspondence is only partial. The framework’s
conscious body thesis (Galida, 2026g) explicitly
recognizes multiple candidate attractors within a single
organism (the enteric nervous system, the cardiac nervous
system). These are coupled but semi-autonomous basins, in
tension with Ruelle’s indecomposability condition. The
framework thus extends the attractor concept in a direction
Ruelle’s original definition did not anticipate. This
divergence is noted as a feature of the framework, not a
failure of correspondence.

3. Prigogine’s Dissipative Structures:
The Thermodynamic Parallel

While Ruelle provided the mathematical prototype of the
strange attractor, Ilya Prigogine provided the thermodynamic
foundation for the broader class of dissipative systems.
Prigogine’s Nobel-winning work (Prigogine, 1980, 1984)
demonstrated that systems maintained far from thermodynamic
equilibrium spontaneously self-organize into coherent, ordered
structures—dissipative structures—that persist only as long as
they are sustained by energy and matter flows.

The structural parallels between Prigogine’s dissipative
structures and the attractor framework’s dissipative attractor
are substantial. Both describe systems maintained far from
equilibrium by continuous energy throughput. Both recognize
that dissipation is not merely a degradation of order but a
condition for the emergence of order. Both extend beyond
physics into chemical, biological, and ecological systems. The
Belousov-Zhabotinsky reaction, biochemical oscillations, and
ecosystem dynamics are Prigoginean dissipative structures;



they are also dissipative attractors in the framework'’s
vocabulary. Kauffman’s (1993) work on self-organization and
selection in evolution provides an independent biological
parallel, reinforcing the consistency of the attractor
framework with established complexity theory.

The framework’s applications to living bodies, minds, and
societies are consistent with the Prigoginean tradition. This
consistency was recognized retrospectively; the framework’s
concepts were not derived from Prigogine. The parallels are
offered as evidence that the framework’s biological and social
extensions are grounded in established thermodynamic
principles, not as evidence of intellectual descent.

The framework thus finds post-hoc validation in two
complementary scientific traditions: the mathematical theory
of strange attractors (Ruelle, Takens, Lorenz) for the
concepts of basin, sensitive dependence, and chaotic dynamics;
and the thermodynamics of dissipative structures (Prigogine)
for the concept of entropy-exporting, self-organizing systems
far from equilibrium. Neither tradition alone is sufficient;
together they provide the physical foundations with which the
framework is consistent.

4. The Attractor Framework: Extensions
Beyond the Physical Prototypes

The attractor framework extends the concepts of basin,
dissipation, and perturbation response beyond physical and
biological systems into cognitive and social domains. These
extensions are heuristic hypotheses, not established results.
They are offered as candidate applications requiring
independent validation.

4.1 From Strange to Dissipative: A Broadened Scope



Ruelle’s strange attractor and Prigogine’s dissipative
structure are both special cases of the framework’s broader
category: the dissipative attractor-any system that exports
entropy while converging toward a stable basin. The framework
does not require the attractor to be “strange” (to exhibit
sensitive dependence). Fixed-point attractors, periodic
attractors, and quasiperiodic attractors are all dissipative
attractors under this definition. The framework’s scope 1is
deliberately broad, encompassing any persistent, entropy-
exporting system regardless of 1its internal dynamical
complexity.

4.2 The Fantasy Attractor: A Structural Analogy

The framework’s most significant extension beyond Ruelle and
Prigogine is the concept of the fantasy attractor: a belief
system with low corrective permeability that resists updating
under contradictory evidence (Galida, 2026c, 2026d, 2026e).
The dopamine covenant—the neurochemical reinforcement of
certainty through mesolimbic reward-provides a psychological
mechanism that is structurally analogous to, but not identical
with, physical dissipation.

The analogy is as follows. A physical dissipative attractor
exports entropy via radiation or heat, returning to its basin
after perturbation. In the physical case, “basin depth” 1is
formally defined through the geometry of the attractor in
phase space, measurable in principle from the equations of
motion. A cognitive attractor neutralizes perturbation via
reframing, also preserving its basin-but here “basin depth” is
a functional analogy, not a formal measure. Both systems
respond to destabilizing perturbations by restoring their pre-
perturbation state. The analogy holds at the functional level.

However, the mechanisms differ in important respects. Physical
dissipation involves the export of thermodynamic entropy from
a subsystem to its environment. Dopamine reinforcement 1is
a feedback amplification mechanism—it strengthens the neural



pathways associated with the belief, making them more salient
and resistant to competition. It does not export entropy in
the thermodynamic sense. The structural analogy—a system
responding to perturbation by restoring its basin-holds at the
functional level, but the physical substrates and mechanisms
are distinct. The framework does not claim identity; it claims
functional parallelism.

The assignment of kK = 0 to fantasy attractors is qualitative
and provisional. Unlike Ruelle’s A, which is computable from
the equations of motion, k for belief systems currently lacks
an operationalized measurement procedure. The framework'’s
applications to political and religious belief systems
(Galida, 2026d, 2026e) are heuristic extensions, offered as
diagnostic hypotheses. Independent validation through
operationalized Kk remains a task for future empirical work.

4.3 Candidate Applications Across Domains

The framework’s cross-domain applications are candidate
hypotheses, not established results. Each requires independent
validation. The following are offered as illustrations of the
framework’'s heuristic reach, with the caveat that formal
operationalization 1is pending.

- Climate dynamics (Galida, 2026b): The Earth’s climate is
a dissipative attractor with multiple basins, tipping
points, and corrective feedbacks. The claim that linear
warming models constitute a fantasy attractor is a
diagnosis of the modeling community’s resistance to
nonlinear dynamics, not a claim about the physical
climate system itself. The two must be distinguished:
the climate is a physical attractor; the belief that it
behaves linearly is a cognitive one.

- Political ideology (Galida, 2026d): The kK = 0 assignment
for the MAGA movement is a qualitative diagnostic based
on observable indicators (electoral loss response, legal
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defeat response, internal dissent tolerance). It is not
a measurement in Ruelle’s sense. The assignment 1is
offered as a hypothesis to be tested against alternative
interpretations.

= Apocalyptic convergence (Galida, 2026e): The claim that
three Abrahamic basins have phase-locked into a meta-
attractor uses “phase-locked” in an extended,
gualitative sense. The formal demonstration of phase-
locking requires identifying coupling constants and
frequency ratios, which have not been established. The
claim is offered as a structural diagnosis, not a
dynamical proof.

=0rgan-level consciousness (Galida, 2026g): The
identification of candidate organ-level minds as
dissipative attractors applies the framework’s criteria
directly to biological subsystems. The C. elegans
threshold provides a benchmark; the independent
operationalization of k for these subsystems awaits
experimental protocols.

5. The Metronome: An Innovation Without
Direct Precedent

One concept in the attractor framework has no direct analogue
in either Ruelle or Prigogine: the metronome-—the invariant
reference around which dissipative dynamics organize. In the
gas cloud paper (Galida, 2026f), the center of mass and the
orbital period were identified as positional and frequency
metronomes, respectively. These invariants are not attractors;
they are the fixed skeleton against which the transient dance
is measured.

The six metronomes of the eternal skeleton-the electron, the
proton, the three neutrino mass states, and the CVU



lattice—are the ultimate invariants, defining time through
their fixed, unchanging frequencies. Ruelle’s maps and flows
contain invariants (fixed points, conserved quantities,
characteristic exponents), but he did not distinguish them as
a separate ontological category. Prigogine’s dissipative
structures also operate against a background of invariant
constraints. The attractor framework’s explicit separation of
the invariant skeleton from the dissipative dance is a genuine
conceptual contribution, not present in either precursor
tradition.

6. Conclusion: A Coherent Vocabulary,
Conditionally Applied

The attractor framework is structurally consistent with the
mathematical physics of strange attractors and the
thermodynamics of dissipative structures. 1Its «core
concepts—dissipative attractor, basin, corrective
permeability, and invariant reference—-map cleanly onto
established physical constructs. Its extensions into cognitive
and social domains are heuristic hypotheses, not established
results.

The framework developed its vocabulary independently. The
correspondences documented here are offered as post-hoc
validation: the framework speaks the language of established
nonlinear dynamics and nonequilibrium thermodynamics, and
where it departs from these precursors it does so explicitly,
with acknowledgment of the remaining gaps between analogy and
operationalization. Future work must close those gaps through
quantitative measurement of k, formal modeling of coupling
dynamics, and empirical testing of the framework’s diagnostic
claims.

The framework is offered as a research program, not a



completed theory.
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