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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. This paper extends
the  framework  to  astrophysical  dissipative  systems.  We
distinguish  between  conservative  gravitational  dynamics  —
which define families of stable invariant solutions — and
dissipative  processes  —  which  select  and  can  stabilize
particular configurations within those families.

The central thesis is:

Gravity  defines  the  landscape.  Dissipation  selects  the
configuration.

We provide an operational definition of the excess entropy
production  functional  σexcessσexcess​  for  gravitational
systems,  grounding  the  persistence
functional  D∞=∫σexcess dtD∞​=∫σexcess​dt  in  physical
dissipation rates above steady-state baselines. We show that:

Orbital circularization is a dissipative process driven
by gravitational radiation and tidal friction
Tidal locking is an asymptotically stable state reached
through dissipative evolution
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Planetary systems settle into metastable low-dissipation
configurations  through  dissipative  processes  in
protoplanetary  disks
Binary  inspirals  provide  a  natural  setting  for  the
framework’s persistence functional

The framework’s contribution is not a new mechanism of orbital
evolution, but a unifying description of persistence across
disparate  dissipative  systems  using  a  common  mathematical
quantity: the persistence functional.

Keywords:  attractor  framework,  astrophysics,  gravitational
radiation, tidal locking, orbital circularization, dissipative
structures,  Hamiltonian  dynamics,  planetary  systems,  binary
inspirals, excess entropy production

1. Introduction
The  attractor  framework  has  been  developed  to  describe
persistence and change across physical, biological, cognitive,
and social systems. The core claim is that every dissipative
system  maintains  its  attractor  through  continuous
reconfiguration,  and  that  reconfiguration  generates  excess
entropy.

This paper extends the framework to astrophysical dissipative
systems.  The  key  insight  is  a  distinction  that  is  often
blurred in the literature:

Concept Role

Conservative
gravitational dynamics

Defines the landscape of possible
configurations (orbits, resonances,

stable solutions)



Concept Role

Dissipative processes
Select and can stabilize particular
configurations within that landscape

Gravity does not provide attractors in the dynamical systems
sense — Hamiltonian systems conserve phase-space volume and do
not have attractors. However, when dissipative processes are
added,  the  system  evolves  toward  particular  asymptotically
stable  configurations  within  the  family  of  invariant
solutions. The circular orbit is not a dynamical attractor of
pure Newtonian gravity; it is the endpoint of dissipative
evolution (tidal friction, gravitational radiation, gas drag).

This distinction is central to the paper. Gravity defines the
landscape;  dissipation  determines  which  configuration  is
reached.

What  is  new:  Existing  astrophysical  theory
explains how dissipative mechanisms drive orbital evolution.
The  attractor  framework  proposes  a  common  mathematical
quantity — the persistence functional — that measures the
cumulative irreversible cost of approaching an asymptotically
stable  configuration.  The  novelty  is  therefore  not  a  new
mechanism of orbital evolution, but a unifying description of
persistence across disparate dissipative systems.

2.  Conservative  vs.  Dissipative
Systems

2.1 Hamiltonian Dynamics
A conservative Hamiltonian system preserves phase-space volume
(Liouville’s theorem). It does not have attractors in the
dynamical  systems  sense.  Orbits  are  determined  by  initial
conditions and remain on their invariant tori (Arnold, 1989).



Property Implication

No phase-space contraction No attractors

Time-reversible No arrow of time

Energy conserved No dissipation

2.2 Dissipative Dynamics
When dissipative processes are added, the system loses energy
and  angular  momentum.  Phase-space  volume  contracts,  and
asymptotically  stable  states  can  emerge.  For  foundational
treatments of irreversible thermodynamics, see Onsager (1931)
and Prigogine (1947).

Property Implication

Phase-space contraction Asymptotically stable states appear

Time-irreversible Arrow of time

Energy lost Entropy generated

2.3 The Framework’s Position
The framework treats gravity as defining the landscape of
possible configurations. Dissipation determines which of those
configurations are actually reached.

Gravity  defines  the  landscape.  Dissipation  selects  the
configuration.

This is the core insight of the paper.

3.  The  Gravitational  Persistence



Functional

3.1 Excess Entropy Production
Following Galida (2026c), the excess entropy production rate
is defined as:σexcess(x)=σ(x)−σss(x)σexcess​(x)=σ(x)−σss​(x)

where  σ(x)σ(x)  is  the  total  entropy  production  rate
and σss(x)σss​(x) is the steady-state baseline rate at the
attractor.

For  gravitational  systems,  we
propose:σexcess=E˙irrev−E˙ssTeffσexcess​=Teff​E˙irrev​−E˙ss​​

where E˙irrevE˙irrev​ is the total irreversible energy loss
rate, E˙ssE˙ss​ is the steady-state baseline loss rate at the
attractor, and TeffTeff​ is an effective temperature.

This  decomposition  ensures  σexcess→0σexcess​→0  at  the
attractor, avoiding the divergence problem that would arise
from integrating raw dissipation rates over infinite time.
Systems that continue to dissipate at a steady baseline (e.g.,
a circular binary emitting GWs, a tidally locked moon with
residual  eccentricity-driven  heating)  contribute  only
their excess above baseline to the persistence cost.

3.2 Domain-Specific Definitions
Process Total E˙E˙ Baseline E˙ssE˙ss​ σexcessσexcess​

Orbital
circularization

LGW(e)LGW​(e) LGW(e=0)LGW​(e=0)
[LGW(e)−LGW(0)]/Teff[LGW​(e)−LGW

(0)]/Teff​

Tidal locking
Ptide(Ω,e)Ptide

​(Ω,e)
Ptide(Ω=n,e)Ptide​(Ω=n,e)

[Ptide(Ω,e)−Ptide(n,e)]/Teff[Ptide
​(Ω,e)−Ptide​(n,e)]/Teff​

Disk
dissipation

LdiskLdisk​
Ldisk, steadyLdisk, steady

​
[Ldisk−Ldisk, ss]/Teff[Ldisk

−Ldisk, ss​]/Teff​

3.3 The Persistence Functional
Definition  1  (Gravitational  Persistence  Functional):  For  a
finite  horizon  T>0T>0:DT(x)=∫0Tσexcess(ϕt(x)) dtDT​(x)=∫0T



σexcess​(ϕt​(x))dt

For  trajectories  that  converge  to  the
attractor:D∞(x)=∫0∞σexcess(ϕt(x)) dtD∞​(x)=∫0∞​σexcess​(ϕt
(x))dt

Interpretation: D∞(x)D∞​(x) measures the total excess entropy
generated  during  the  approach  to  an  asymptotically  stable
configuration — the cumulative cost of reconfiguration above
the steady-state baseline.

Note on gravitational wave entropy: Classical gravitational
waves are coherent radiation and do not automatically carry
large  thermodynamic  entropy.  The  entropy  associated  with
gravitational wave emission arises from coarse-graining the
wave’s phase space or from the generalized entropy increase of
the  sources  (e.g.,  black  hole  horizons).  The  proposed
definition  σexcess=[LGW(e)−LGW(0)]/Teffσexcess​=[LGW​(e)−LGW
(0)]/Teff​ isolates the eccentricity-specific excess above the
circular-orbit  baseline.  Constructing  an  explicit  entropy
functional  for  gravitational  radiation  remains  an  open
problem.

4. Orbital Circularization

4.1 The Phenomenon
Binary  systems  (stars,  black  holes,  planets)  often  have
elliptical  orbits.  Over  time,  these  orbits  tend
to circularize — the eccentricity decreases and the orbit
becomes more circular.

This is a dissipative process. The system loses energy and
angular momentum through:



Gravitational radiation (for compact objects)
Tidal friction (for fluid bodies)
Gas drag (for protoplanetary disks)

4.2 Framework Interpretation
Component Role

The landscape Family of Keplerian orbits (all ellipses)

Asymptotically
stable state

Circular orbit (endpoint of dissipative
evolution)

The dissipation
Gravitational radiation, tidal friction,

gas drag

The cost
σexcess=[LGW(e)−LGW(0)]/Teffσexcess​=[LGW

(e)−LGW​(0)]/Teff​
The framework proposes:κ∝1D∞κ∝D∞​1​

where  κκ  is  the  circularization  rate  and  D∞=∫σexcess dtD∞
=∫σexcess​dt  is  the  cumulative  excess  entropy  production
during circularization.

4.3 The Peters & Mathews Formula
The foundational computation of the gravitational-wave power
from a Keplerian orbit was given by Peters & Mathews (1963).
The secular decay of semi-major axis and eccentricity was
derived  by  Peters
(1964):dadt=−645G3m1m2(m1+m2)c5a3(1−e2)7/2(1+7324e2+3796e4)dtd
a​=−564​c5a3(1−e2)7/2G3m1​m2​(m1​+m2​)​(1+2473​e2+9637
e4)dedt=−30415G3m1m2(m1+m2)c5a4(1−e2)5/2e(1+121304e2)dtde
=−15304​c5a4(1−e2)5/2G3m1​m2​(m1​+m2​)​e(1+304121​e2)

Framework Interpretation: The decay of eccentricity e→0e→0 is
the approach to the asymptotically stable state. The excess
entropy production is the eccentricity-dependent component of
the  gravitational  wave
luminosity:σexcess=LGW(e)−LGW(0)Teffσexcess​=Teff​LGW​(e)−LGW



(0)​

This quantity vanishes as e→0e→0, consistent with the ee-
proportionality  of  the  de/dtde/dt  equation.  Orbital
eccentricity may serve as an experimentally accessible proxy
for the cumulative excess entropy production.

5. Binary Inspirals

5.1 The Phenomenon
Binary systems of compact objects (neutron stars, black holes)
lose energy through gravitational radiation. The orbit shrinks
and the binary inspirals.

This is one of the most direct applications of the framework.
The inspiral is a dissipative process driven by gravitational
wave emission. For general relativistic treatments of binary
dynamics and the geometry of spacetime, see Carroll (2004),
Schutz  (2009),  Wald  (1984),  and  Misner,  Thorne  &  Wheeler
(1973).

5.2 Framework Interpretation
Component Role

The landscape Family of binary orbits

Asymptotically
stable state

Quasi-circular orbit (endpoint of
circularization)

The dissipation Gravitational radiation

The cost
σexcess=[LGW(e)−LGW(0)]/Teffσexcess​=[LGW

(e)−LGW​(0)]/Teff​



5.3 The Persistence Functional
The  persistence  functional  for  a  binary  inspiral
is:D∞=∫0∞σexcess(t) dt=∫0∞LGW(e(t))−LGW(0)Teff dtD∞​=∫0∞
σexcess​(t)dt=∫0∞​Teff​LGW​(e(t))−LGW​(0)​dt

Note  on  circularization:  For  compact-object  binaries,
eccentricity  damps  on  a  much  shorter  timescale  than  the
inspiral  itself.  Gravitational  radiation  circularizes  the
orbit  well  before  merger,  so  the  system  reaches  a  quasi-
circular state as a near-asymptotic limit before the final
coalescence.

Hypothesis: The inspiral time ττ is inversely proportional
to D∞D∞​:κ=1τ∝1D∞κ=τ1​∝D∞​1​

6. Tidal Locking

6.1 The Phenomenon
Tidal locking occurs when a body’s rotational period equals
its orbital period. The Moon is tidally locked to Earth. Many
exoplanets in the habitable zone are expected to be tidally
locked.

Tidal  locking  is  a  dissipative  process.  Tidal  friction
converts rotational energy into heat, gradually slowing the
body’s rotation until it matches its orbital period.

6.2 Framework Interpretation
Component Role

The landscape Family of rotational states

Asymptotically
stable state

Tidal lock (rotational period = orbital
period)



Component Role

The
dissipation

Tidal friction (heat generation)

The cost
σexcess=[Ptide(Ω,e)−Ptide(Ω=n,e)]/Teffσexcess

=[Ptide​(Ω,e)−Ptide​(Ω=n,e)]/Teff​
Hypothesis:  The  tidally  locked  state  is  a  low-dissipation
configuration for the system. Once locked, tidal dissipation
approaches a minimum. The excess entropy production is the
despinning-specific  component  above  whatever  baseline
eccentricity-driven heating persists after lock.

6.3 The Tidal Locking Timescale
The timescale for tidal locking is commonly given as (see,
e.g., Murray & Dermott, 1999):τlock≈221Qk2mM(aR)61Ωτlock​≈212
k2​Q​Mm​(Ra​)6Ω1​

where:

QQ is the tidal dissipation factor
k2k2​ is the Love number
mm is the mass of the body
MM is the mass of the primary
aa is the semi-major axis
RR is the radius of the body
ΩΩ is the rotation rate

(Different derivations use different prefactors depending on
the assumed dissipation model; the (a/R)6(a/R)6 scaling is
robust.)

Hypothesis:  κ=1/τlockκ=1/τlock​.  The  recovery  rate  is  the
inverse  of  the  locking  timescale.  The  cumulative  excess
entropy production is the total tidal heat dissipated during
despinning above the post-lock baseline.



7. Planetary Systems

7.1 Formation and Evolution
Planetary systems form from protoplanetary disks. The disk is
a dissipative structure: it loses energy through radiation,
viscosity, and accretion.

Over time, the system approaches a stable configuration:

Planets on nearly circular orbits
Resonances between orbits
Stable spin-orbit states

For a comprehensive treatment of solar system dynamics and
tidal evolution, see Murray & Dermott (1999).

7.2 Framework Interpretation
Component Role

The landscape Family of possible planetary configurations

Metastable
configuration

Low-dissipation planetary system

The dissipation Disk viscosity, radiation, accretion

The cost
σexcess=[Ldisk−Ldisk, ss]/Tdiskσexcess

=[Ldisk​−Ldisk, ss​]/Tdisk​
Hypothesis: Mature planetary systems approach metastable low-
dissipation  configurations.  The  cumulative  excess  entropy
production is the total disk dissipation above the steady-
state baseline integrated over the formation epoch.



8.  Entropy  Generation  in
Gravitational Systems

8.1 The Subtlety of Gravitational Entropy
Gravitational waves carry energy. Whether they carry entropy
is a more subtle question. Classical gravitational waves are
coherent radiation; coherent radiation is not obviously high-
entropy. Binary mergers ultimately increase the generalized
entropy of spacetime, but the bookkeeping is subtle.

Note: Throughout this paper, entropy generation refers to the
irreversible processes associated with tidal heating, viscous
dissipation, and the generalized entropy increase accompanying
gravitational-wave emission. The precise entropy carried by
gravitational radiation remains an active topic.

8.2  Operational  Definition
of σexcessσexcess​
For the purposes of this framework, we propose the following
operational  definition:σexcess=E˙irrev−E˙ssTeffσexcess​=Teff
E˙irrev​−E˙ss​​

where:

E˙irrevE˙irrev​ is the total irreversible energy loss
rate
E˙ssE˙ss​ is the steady-state baseline loss rate at the
attractor
TeffTeff​  is  an  effective  temperature  for  the
dissipative process



This definition ensures σexcess≥0σexcess​≥0 and vanishes when
the system reaches its attractor. For specific astrophysical
contexts:

Context E˙irrevE˙irrev​ E˙ssE˙ss​ TeffTeff​

Orbital
circularization

LGW(e)LGW​(e) LGW(0)LGW​(0)
Effective

GW
temperature

Tidal locking
Ptide(Ω,e)Ptide

​(Ω,e)
Ptide(Ω=n,e)Ptide

(Ω=n,e)

Effective
body

temperature

Disk
dissipation

LdiskLdisk​
Ldisk, ssLdisk, ss

​
Disk

temperature

Black hole
mergers

LGWLGW​ 0

Hawking
temperature
of final
black hole

Note: This is a working hypothesis. Constructing an explicit
entropy  functional  for  relativistic  gravitational  systems
remains an open problem. The effective temperature TeffTeff
 is the primary underdetermined quantity in the framework; its
derivation from first principles is a priority for future
work.

9. The Boundary
The  framework’s  boundary  is  not  absolute  zero.  It  is
the absence of irreversible processes. At the boundary, the
system  becomes  conservative  and  no  entropy  is  generated.
Hamiltonian systems exist at nonzero temperature; the boundary
is dynamical, not thermal.



10. Testable Predictions

10.1 Core Prediction
Prediction:  The  circularization  rate  κκ  is  inversely
proportional  to  the  cumulative  excess  entropy  production
during circularization.κ∝1D∞κ∝D∞​1​

10.2 Specific Predictions
Prediction Falsification

Tidal locking timescale correlates
with total tidal heat dissipated above

baseline

If no correlation, the
prediction is
falsified

Circularization rate correlates with
total eccentricity-dependent GW energy

emitted

If no correlation, the
prediction is
falsified

Planetary system stability correlates
with total disk dissipation above

steady state

If no correlation, the
prediction is
falsified

11. Open Questions
Question Status

Q1: Gravitational
entropy

What is the entropy of a
gravitational system? (Penrose, 1965;

Hawking & Ellis, 1973)

Q2: Black hole entropy
How does black hole entropy fit into

the framework?



Question Status

Q3: Entropy of
gravitational
radiation

Does gravitational radiation carry
entropy, and if so, how is it
defined? (Zeldovich, 1972)

Q4: Cosmological
stability

Do cosmological models admit
asymptotically stable late-time

solutions?

Q5: Effective
temperature for GWs

What is the correct TeffTeff​ for
gravitational wave entropy
production? (Galida, 2026d)

Q6: Coarse-graining
What coarse-graining scheme defines

the entropy of classical
gravitational waves? (Galida, 2026d)

12. Conclusion
The  attractor  framework  extends  naturally  to  astrophysical
dissipative systems. The key insight is a distinction that is
often blurred:

Gravity  defines  the  landscape.  Dissipation  selects  the
configuration.

Conservative gravitational dynamics define families of stable
invariant  solutions.  Dissipative  processes  —  gravitational
radiation, tidal friction, gas drag — select and can stabilize
particular configurations within those families.

The framework does not claim that gravity provides attractors.
It claims that the combination of conservative dynamics and
dissipative processes produces asymptotically stable states.
This is a more accurate and defensible position.

The contribution is not a new mechanism of orbital evolution,



but a unifying description of persistence across disparate
dissipative systems using a common mathematical quantity: the
persistence  functional  D∞=∫σexcess dtD∞​=∫σexcess​dt,
with  σexcessσexcess​  operationally  defined  as  the  rate  of
irreversible energy loss above steady-state baseline divided
by an effective temperature.
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Excess Entropy Production as
a Candidate Universal Cost of
Persistence:  A  Thermodynamic
Foundation for the Attractor
Framework;  Robert  Galida
(July 2026) [F]

Abstract
Every  dissipative  system  maintains  its  attractor  through
continuous  reconfiguration.  Reconfiguration  requires  work;
work generates entropy. The recovery rate κκ — corrective
permeability — is the rate at which a system reconfigures to
return  to  its  attractor  after  perturbation.  This  paper
proposes that κκ is a measure of excess entropy generation
rate.

We develop an abstract persistence cost framework and prove
its equivalence to Lyapunov theory. We then identify entropy
production  as  a  physical  realization  of  this  cost,
deriving:κ=inf⁡xδ(x)∫0∞σexcess(ϕt(x)) dtκ=xinf​∫0∞​σexcess
(ϕt​(x))dtδ(x)​

where  σexcess=σ−σssσexcess​=σ−σss​  is  the  excess  entropy
production rate above the system’s steady-state baseline. For
physical  systems,  the  baseline  is  zero  (equilibrium);  for
biological, cognitive, and social systems, the baseline is the
steady-state dissipation rate of the healthy, well-coordinated
attractor.

This  unifies  physical,  biological,  cognitive,  and  social
systems.  The  framework  is  grounded  in  the  second  law  of
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thermodynamics  and  non-equilibrium  steady-state
thermodynamics,  not  analogy.  Empirical  predictions  are
provided for each domain.

Keywords:  entropy  generation,  excess  entropy  production,
corrective  permeability,  attractor  framework,  dissipative
structures,  reconfiguration,  Lyapunov  theory,  free  energy
principle, allostatic load

1. Introduction
The attractor framework defines persistence as the ability of
a  system  to  maintain  its  attractor  under  perturbation.
Historically, persistence has been measured kinematically — as
distance traveled or time spent away from equilibrium. This
paper  proposes  that  the  true  cost  of  persistence  is
thermodynamic:  it  is  the  excess  entropy  generated  during
reconfiguration and recovery.

Every  dissipative  system  maintains  its  attractor  through
continuous  reconfiguration.  A  bacterium  reconfigures  its
metabolism to maintain homeostasis. A brain reconfigures its
synaptic connections to maintain predictive models. A society
reconfigures  its  institutions  to  maintain  order.
Reconfiguration  requires  work;  work  generates  entropy.  The
second  law  of  thermodynamics  applies  at  every  level  of
organization.

We  develop  an  abstract  persistence  cost  framework  first,
establishing  its  equivalence  to  Lyapunov  theory.  We  then
identify entropy production as a physical realization of this
cost,  deriving  the  relationship  between  corrective
permeability  and  excess  entropy  generation.

The  framework  unifies  physical,  biological,  cognitive,  and



social  systems.  It  is  grounded  in  the  second  law  of
thermodynamics  and  non-equilibrium  steady-state
thermodynamics,  not  analogy.

2. The Persistence Cost Functional
Let XX be a state space, ϕt(x)ϕt​(x) the flow of a dynamical
system,  and  A⊆XA⊆X  an  attractor  set.
Let δ(x)=d(x,A)δ(x)=d(x,A) be the distance from xx to the
attractor.  For  a  treatment  of  state-space  constraints  in
viability theory, see Aubin (1991).

Definition 1 (Persistence Cost Functional): A persistence cost
functional C(x)C(x) is a scalar function on XX satisfying:

C(x)≥0C(x)≥0 for all xx1.
C(x)=0C(x)=0 if and only if x∈Ax∈A2.
C(ϕt(x))∈L1([0,∞))C(ϕt​(x))∈L1([0,∞)) for all xx in the3.
basin

Definition  2  (Cumulative  Persistence  Cost):  For  a  finite
horizon T>0T>0:DT(x)=∫0TC(ϕt(x)) dtDT​(x)=∫0T​C(ϕt​(x))dt

For  trajectories  that  converge  to  the
attractor:D∞(x)=∫0∞C(ϕt(x)) dtD∞​(x)=∫0∞​C(ϕt​(x))dt

3.  Existence  and  Lyapunov
Equivalence
Theorem  1  (Existence  of  the  Persistence
Functional):  Assume  C(x)≥0C(x)≥0,  C=0C=0  only  on  AA,



and C(ϕt(x))∈L1([0,∞))C(ϕt​(x))∈L1([0,∞)) for all xx in the
basin.  Assume  ff  is  locally  Lipschitz,  the  flow  is
continuously  differentiable  in  the  initial  condition,
and  CC  is  continuous  and  locally  bounded.  Then:

D∞(x)=∫0∞C(ϕt(x)) dtD∞​(x)=∫0∞​C(ϕt​(x))dt exists and is1.
finite.
D∞D∞​ is continuous.2.
D∞D∞​ satisfies the transport equation:3.

∇D∞(x)⋅f(x)=−C(x)∇D∞​(x)⋅f(x)=−C(x)

Proof:  The  integral  exists  and  is  finite  by
the L1L1 assumption. Continuity follows from the dominated
convergence theorem under the stated regularity assumptions.
To  derive  the  transport  equation,
compute:D(ϕh(x))=∫h∞C(ϕt(x)) dt=D(x)−∫0hC(ϕt(x)) dtD(ϕh
(x))=∫h∞​C(ϕt​(x))dt=D(x)−∫0h​C(ϕt​(x))dt

Then:D(ϕh(x))−D(x)h=−1h∫0hC(ϕt(x)) dt→−C(x)hD(ϕh​(x))−D(x)
=−h1​∫0h​C(ϕt​(x))dt→−C(x)

as  h→0h→0.  By  the  chain
rule:∇D(x)⋅f(x)=−C(x)∇D(x)⋅f(x)=−C(x)□□

Corollary  (Equivalence  to  Lyapunov  Theory):  Any  Lyapunov
function  V(x)V(x)  (with  V≥0V≥0,  V=0V=0  on  the  attractor,
and  V˙≤0V˙≤0)  yields  a  persistence
cost  C(x)=−V˙(x)C(x)=−V˙(x).  Conversely,  any  persistence
cost  C(x)C(x)  satisfying  ∇D⋅f=−C∇D⋅f=−C  defines  a  Lyapunov
function D(x)D(x).

Proof: If VV is a Lyapunov function, then V˙=∇V⋅f≤0V˙=∇V⋅f≤0.
Define  C=−V˙C=−V˙.  Then  C≥0C≥0,  C=0C=0  on  the  attractor,
and  DT=∫C=V(x)−V(ϕT(x))DT​=∫C=V(x)−V(ϕT​(x)).  Conversely,
if ∇D⋅f=−C∇D⋅f=−C, then D˙=−C≤0D˙=−C≤0, so DD is a Lyapunov
function.□□



Interpretation:  The  persistence  cost  framework  is
mathematically  equivalent  to  classical  Lyapunov  stability
theory.  For  the  connection  to  contraction  analysis,  see
Lohmiller & Slotine (1998). For control Lyapunov functions,
see Freeman & Kokotovic (1996). Entropy production is one
physically meaningful realization of the cost function CC. For
a detailed treatment of Lipschitz continuity of D∞D∞​ under a
Lipschitz-flow hypothesis, see Galida (2026a), Proposition 4.

4.  Entropy  Production  as
Persistence Cost

4.1 Entropy Balance
For  an  open  system,  the  entropy  balance  equation
is:dSsystemdt=σ−ΦdtdSsystem​​=σ−Φ

where  σ≥0σ≥0  is  the  entropy  production  rate  (always  non-
negative by the second law) and ΦΦ is the entropy export rate
to the environment. For foundational treatments of stochastic
thermodynamics and entropy production, see Seifert (2012) and
Sekimoto (2010).

For a system in a steady state:dSsystemdt=0  ⟹  σ=ΦdtdSsystem
​=0⟹σ=Φ

4.2 Excess Entropy Production
Define the steady-state entropy production rate σssσss​ as the
rate when the system is at its attractor.

Define  the  excess  entropy  production
rate:σexcess(x)=σ(x)−σss(x)σexcess​(x)=σ(x)−σss​(x)

Assumption (Excess Entropy Decay): For all trajectories in the



basin,  there  exist  constants  C<∞C<∞  and  μ>0μ>0  such
that:σexcess(ϕt(x))≤Ce−μtσexcess(x)σexcess​(ϕt
(x))≤Ce−μtσexcess​(x)

for  all  t≥0t≥0.  This  ensures  D∞(x)<∞D∞​(x)<∞  and  is  the
standard hypothesis under which the persistence functional and
its associated bounds are well-defined, consistent with Galida
(2026a, 2026b). The decay rate μμ may be domain-specific and
is empirically measurable.

Note on generalization: The exponential decay assumption is
adopted here to ensure finiteness of D∞D∞​ and to maintain
consistency  with  the  prior  papers  in  this  series.
Generalization to L1L1 integrable decays (e.g., algebraic) is
a priority for future work.

4.3 The Entropy Persistence Functional
Definition 3 (Cumulative Excess Entropy Functional): For a
finite  horizon  T>0T>0:DT(x)=∫0Tσexcess(ϕt(x)) dtDT​(x)=∫0T
σexcess​(ϕt​(x))dt

For  trajectories  that  converge  to  the
attractor:D∞(x)=∫0∞σexcess(ϕt(x)) dtD∞​(x)=∫0∞​σexcess​(ϕt
(x))dt

Interpretation: The persistence functional is the total excess
entropy generated during reconfiguration and recovery.

4.4 Corrective Permeability
Definition  4  (Corrective
Permeability):κ=inf⁡x∈B∖Aδ(x)D∞(x)κ=x∈B∖Ainf​D∞​(x)δ(x)​

where δ(x)=d(x,A)δ(x)=d(x,A) is the distance to the attractor.

Interpretation: κκ is the minimum excess entropy cost per unit
distance. It measures the efficiency of reconfiguration: a
system that returns with minimal excess entropy generation has



high κκ; a system that generates excess entropy has low κκ.

4.5 Basin Depth
Proposition  1  (Properties  of  Basin
Depth):  Define  B=D∞(saddle)B=D∞​(saddle),
where saddlesaddle is the lowest point on the basin boundary
(the separatrix between attractors). For the connection to
large-deviation  theory  and  escape  rates,  see  Freidlin  &
Wentzell (2012). Then:

B≥0B≥0,  with  equality  iff  the  basin  has  no  barrier1.
(i.e., the boundary coincides with the attractor).
For  gradient2.
systems x˙=−∇V(x)x˙=−∇V(x), B=V(saddle)−V(A)B=V(saddle)−
V(A) (the classical energy barrier).
BB  is  invariant  under  smooth  coordinate  changes3.
(coordinate invariance).
BB depends on the chosen persistence cost functional CC;4.
different costs yield different barriers.

Proof: (1) follows from non-negativity of D∞D∞​. (2) follows
from  the  transport  equation  ∇D⋅f=−C∇D⋅f=−C  and  the
identity f=−∇Vf=−∇V. (3) follows from the invariance of the
integral under diffeomorphisms. (4) is self-evident.

5. Domain-Specific Realizations

5.1  Physical  Systems:  Thermodynamic



Excess Entropy
For  a  thermodynamic  system,  S(x)=kBlog⁡Ω(x)S(x)=kB​logΩ(x),
where Ω(x)Ω(x) is the number of microstates. For an isolated
system,  σss=0σss​=0  (equilibrium),  so  σexcess=σ=S˙σexcess
=σ=S˙.κ=inf⁡xδ(x)S(A)−S(x)κ=xinf​S(A)−S(x)δ(x)​

Example: A gas returning to equilibrium after compression. The
entropy generated is ΔS=nRlog⁡(Vf/Vi)ΔS=nRlog(Vf​/Vi​).

5.2 Biological Systems: Metabolic Excess
Entropy
For a biological system, S(x)S(x) is the metabolic entropy.
The  baseline  σssσss​  is  the  resting  metabolic  rate
(homeostasis).  The  excess
is:σexcess=metabolic  rate−resting  metabolic  rateσexcess
=metabolic rate−resting metabolic rateκ=inf⁡xδ(x)∫0∞σexcess(ϕt
(x)) dtκ=xinf​∫0∞​σexcess​(ϕt​(x))dtδ(x)​

Example: A cell returning to homeostasis after a nutrient
shock. The excess entropy generated is the metabolic cost of
restoring  homeostasis  above  baseline.  For  the  dissipative-
structures framework underlying biological self-organization,
see Nicolis & Prigogine (1989).

5.3  Cognitive  Systems:  Free  Energy
Dissipation
For  a  cognitive  system,  variational  free
energy  F=−log⁡p(y∣x)+DKL[q(⋅)∥p(⋅∣x)]F=−logp(y∣x)+DKL
[q(⋅)∥p(⋅∣x)] is adopted here as one candidate persistence
functional.  We  do  not  claim  variational  free  energy  is
uniquely correct; it is adopted as the most developed existing
candidate persistence functional for cognitive systems. Other
candidates  (Bayesian  surprise,  expected  free  energy,
predictive  information)  are  possible;  this  paper  focuses



on FF due to its established role in the free-energy principle
(Friston, 2010). For the thermodynamics of information and its
connection to free-energy minimization, see Parrondo, Horowitz
& Sagawa (2015) and Sagawa & Ueda (2008).

The baseline σssσss​ is the baseline neural dissipation rate
(resting  brain  activity).  The  excess
is:σexcess=F˙−F˙ssσexcess​=F˙−F˙ss
κ=inf⁡xδ(x)∫0∞σexcess(ϕt(x)) dtκ=xinf​∫0∞​σexcess​(ϕt
(x))dtδ(x)​

Example:  A  cognitive  system  updating  its  beliefs  after  a
prediction error. The excess entropy generated is the free
energy dissipated during belief updating above baseline.

5.4 Social Systems: Coordination Excess
Entropy
For  a  social  system,  define  the  aggregate  social  entropy
production  rate  as:σsocial(t)=∑i(S˙i(t)−S˙irest)σsocial(t)=i∑
(S˙i​(t)−S˙irest​)

where S˙i(t)S˙i​(t) is the total entropy production rate of
individual  ii,  and  S˙irestS˙irest​  is  the  individual’s
baseline  entropy  production  rate  in  a  resting,  minimally
socially constrained state. This is measured via physiological
proxies such as basal metabolic rate, resting allostatic load,
or cortisol baseline (McEwen, 1998; Sterling & Eyer, 1988).

Interpretation: σsocialσsocial measures the excess dissipation
attributable  to  social  constraints:  the  additional  entropy
generated  by  coordination,  communication,  conflict,  norm
enforcement, and institutional friction.

Non-Negativity:  Unlike  total  entropy  production  S˙i≥0S˙i
≥0 (which follows from the second law), σisocialσisocial​ is
not  guaranteed  to  be  non-negative.  Division  of  labor,
infrastructure, and specialization may reduce an individual’s



metabolic  burden  relative  to  a  solitary  baseline.  The
hypothesis  is  that  during  recovery  from  social
disruption,  σisocial≥0σisocial​≥0;  in  steady-
state, σisocial→0σisocial​→0. This is an empirical claim, not
a theorem.

The  baseline  σssσss​  is  the  steady-state  social  entropy
production  rate  (well-coordinated  society).  The  excess
is:σexcess=σsocial−σssσexcess​=σsocial−σss
κ=inf⁡xδ(x)∫0∞σexcess(ϕt(x)) dtκ=xinf​∫0∞​σexcess​(ϕt
(x))dtδ(x)​

Example: A society recovering from a shock (economic crisis,
political  upheaval).  The  excess  entropy  generated  is  the
coordination  cost  of  restructuring  above  baseline.  A
harmonious  society  has  σexcess=0σexcess​=0;  a  turbulent
society  has  σexcess>0σexcess​>0;  a  chronically  turbulent
society  may  have  settled  into  a  new  attractor  with  a
higher  σssσss​.  This  illustrates  the  framework’s  central
distinction: the attractor is the state of minimum entropy
generation for that class of system.

6. The Unified Framework

6.1 Summary Table
Domain

Entropy
Functional

Baseline σssσss
​

Excess σexcessσexcess​ Recovery Rate κκ

Physical
Thermodynamic

entropy
0 (equilibrium) S˙S˙ inf⁡δΔSinfΔSδ​

Biological
Metabolic
entropy

Resting
metabolic rate

Metabolic rate —
resting

inf⁡δ∫σexcess dtinf∫σexcess
​dtδ​

Cognitive Free energy
Baseline neural
dissipation

F˙−F˙ssF˙−F˙ss​
inf⁡δ∫σexcess dtinf∫σexcess

​dtδ​

Social
Social
entropy

production

Steady-state
social

dissipation

σsocial−σssσsocial−σss
​

inf⁡δ∫σexcess dtinf∫σexcess
​dtδ​



6.2 The Universal Structure
Every domain follows the same mathematical structure:

Component Expression

Excess entropy
production

σexcess(x)=σ(x)−σssσexcess​(x)=σ(x)−σss​

Cumulative cost
D∞(x)=∫0∞σexcess(ϕt(x)) dtD∞​(x)=∫0∞

σexcess​(ϕt​(x))dt

Recovery rate κ=inf⁡xδ(x)/D∞(x)κ=infx​δ(x)/D∞​(x)

Basin depth B=D∞(saddle)B=D∞​(saddle)

Transport
equation

∇D⋅f=−σexcess∇D⋅f=−σexcess​

6.3  The  Low-Energy  Attractor  Benchmark
(Proposed Hypothesis)
We  propose  the  following  benchmark  as  an  additional
hypothesis: the attractor is the state of minimum entropy
generation for that class of system.

Domain Attractor Entropy Generation at Attractor

Physical Equilibrium σ=0σ=0

Biological Homeostasis
σ=σss>0σ=σss​>0 (resting

metabolism)

Cognitive Settled Belief
σ=σss>0σ=σss​>0 (baseline neural

dissipation)

Social Coordinated Order
σ=σss>0σ=σss​>0 (baseline
institutional friction)

Interpretation:

For equilibrium systems (gases, isolated systems), the1.
attractor is the state where entropy generation reaches
zero — the system has nowhere lower to go.



For dissipative systems (cells, brains, societies), the2.
attractor is the state where entropy generation reaches
its lowest non-zero steady-state value — the minimum
entropy  generation  the  system  can  sustain  while
maintaining  its  functional  organization.

Important caveats:

This is a proposed benchmark, not a derived theorem.
For cognitive systems in particular, minimizing entropy
production  rate  (a  thermodynamic  quantity)  and
minimizing free energy/surprise (the actual claim in the
free-energy  principle)  are  distinct  minimization
principles. The framework does not establish a bridge
between them; this is an open question.
The benchmark is an empirical hypothesis that requires
domain-specific validation.

In all cases, the attractor is the lowest entropy-generating
state that system can have while remaining itself.

7. Testable Predictions

7.1 Core Prediction
Prediction: The recovery rate κκ is inversely proportional to
the excess entropy generated during reconfiguration:κ∝1D∞κ∝D∞
1​

Falsification: If a system returns to its attractor with high
excess  entropy  generation  but  high  recovery  rate,  the
prediction  is  falsified.



7.2 Secondary Prediction
Prediction: Systems that maintain their attractor with minimal
excess entropy generation are more “efficient.” Systems that
generate excess entropy are “inefficient” or “stressed.”

Falsification:  If  an  inefficient  system  has  lower  excess
entropy generation than an efficient system, the prediction is
falsified.

7.3 Domain-Specific Predictions
Domain Prediction Falsification

Physical
κκ correlates with thermal

efficiency
κκ high but efficiency

low

Biological
κκ correlates with
metabolic efficiency

κκ high but metabolic
cost high

Cognitive
κκ correlates with
learning efficiency

κκ high but learning
cost high

Social
κκ correlates with

institutional efficiency
κκ high but

coordination cost high

8. Experimental Design

8.1 Physical Systems

System: Gas in a piston
Perturbation: Compression
Measurement:  Excess  entropy  generation  (heat
measurement) and recovery time
Test: Correlation between κκ and 1/D∞1/D∞​



8.2 Biological Systems

System: Cell culture
Perturbation: Nutrient shock
Measurement:  Metabolic  rate  above  resting  (oxygen
consumption) and recovery time
Test: Correlation between κκ and metabolic cost

8.3 Cognitive Systems

System: Human participants in a learning task
Perturbation: Prediction error
Measurement: Free energy dissipation above baseline (EEG
complexity, pupil dilation) and belief updating rate
Test: Correlation between κκ and free energy dissipation

8.4 Social Systems

System: Institutional response to shocks
Perturbation: Economic or political crisis
Measurement:  Social  entropy  production  above  baseline
(allostatic load, cortisol, institutional friction) and
recovery time
Test:  Correlation  between  κκ  and  social  entropy
production

9. Open Questions



Question Status Difficulty

Q1:
Uniqueness
of S(x)S(x)

Are there multiple valid entropy
functionals for a given domain?

Hard

Q2:
Variational
principle

Is there a universal variational
principle that yields S(x)S(x)?

Hard

Q3: Social
second law

Does σsocial≥0σsocial≥0 always hold
during recovery?

Very Hard

Q4: Cross-
level entropy

How does entropy generation at one
level relate to entropy generation

at another?
Hard

Q5:
Measurement

Can we measure excess entropy
generation in cognitive and social

systems directly?
Moderate

Q6:
Unification

Can all domain-specific entropy
functionals be derived from a single

universal functional?
Very Hard

10. Conclusion
Every  dissipative  system  maintains  its  attractor  through
continuous  reconfiguration.  Reconfiguration  requires  work;
work  generates  excess  entropy.  The  recovery  rate  κκ  —
corrective  permeability  —  is  the  rate  at  which  a  system
reconfigures to return to its attractor after perturbation. We
have  proposed  that  κκ  is  a  measure  of  excess  entropy
generation  rate.

We developed an abstract persistence cost framework and proved
its equivalence to Lyapunov theory. We then identified entropy
production  as  a  physical  realization  of  this  cost,
deriving:κ=inf⁡xδ(x)∫0∞σexcess(ϕt(x)) dtκ=xinf​∫0∞​σexcess



(ϕt​(x))dtδ(x)​

where  σexcess=σ−σssσexcess​=σ−σss​  is  the  excess  entropy
production rate above the system’s steady-state baseline —
thermodynamic entropy for physical systems, metabolic entropy
for biological systems, free energy dissipation for cognitive
systems, and social entropy production for social systems.

We proposed a unified benchmark: the attractor is the state of
minimum entropy generation for that class of system — zero for
equilibrium  systems,  non-zero  steady-state  for  dissipative
systems. This provides a unified criterion for identifying
attractors across domains: an attractor is a state from which
the  system  cannot  reduce  its  entropy  generation  further
without losing its defining structure or function.

This  unifies  physical,  biological,  cognitive,  and  social
systems. In each domain, persistence requires reconfiguration;
reconfiguration  generates  excess  entropy;  κκ  measures  the
entropy  cost  of  that  reconfiguration.  The  framework  is
grounded  in  the  second  law  of  thermodynamics  and  non-
equilibrium  steady-state  thermodynamics,  not  analogy.

Social  Application:  The  framework  provides  a  thermodynamic
interpretation of social dynamics: harmony is a low-entropy
attractor state; turbulence is a high-entropy state generated
by  excess  dissipation  during  reconfiguration.  The  recovery
rate κκ measures how efficiently a society transitions from
turbulence back to harmony — that is, how quickly it reduces
its excess entropy production to zero.

11. Limitations
This paper establishes an abstract persistence cost framework
with a proposed thermodynamic realization. Several limitations



should be explicitly acknowledged:

Uniqueness. Entropy production is not proved to be the1.
unique  persistence  cost.  Many  positive
functionals  C(x)C(x)  satisfy  ∇D⋅f=−C∇D⋅f=−C.  The
identification of entropy production as the canonical
cost  is  a  physically  motivated  hypothesis,  not  a
mathematical  theorem.
Scope. The framework does not imply that all domains2.
obey thermodynamics literally. The cognitive and social
realizations are proposed hypotheses requiring empirical
validation.
Decay  assumption.  Exponential  decay  of  σexcessσexcess3.
 is  a  sufficient  assumption  to  ensure  finiteness
of  D∞D∞​,  not  a  necessary  one.  Generalization
to  L1L1  integrable  decays  (e.g.,  algebraic)  is  a
priority  for  future  work.
Basin  depth.  Basin  depth  B=D∞(saddle)B=D∞​(saddle)  is4.
defined in terms of the persistence cost functional. Its
relationship to classical energy barriers is established
only for gradient systems.
Empirical validation. The predictions of the framework —5.
particularly  the  inverse  relationship
between κκ and D∞D∞​ — remain to be tested empirically
across domains.
Low-energy attractor benchmark. The benchmark proposed6.
in §6.3 is a hypothesis, not a derived theorem. For
cognitive  systems,  it  risks  conflating  thermodynamic
entropy  production  with  free-energy  minimization  —
distinct principles whose relationship remains open.
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Abstract
The attractor framework defines κκ (corrective permeability)
as the rate at which a system returns to its attractor after
perturbation.  Historically,  κκ  has  been  treated  as  an
empirical parameter — fitted to data rather than derived from
first principles. This paper derives κκ from the framework’s
foundational  object:  the  cumulative  deviation
functional  DT(x)=∫0Tδ(ϕt(x)) dtDT​(x)=∫0T​δ(ϕt​(x))dt,
where δ(x)=d(x,A)δ(x)=d(x,A).

We define:κ=inf⁡x∈B∖Aδ(x)D∞(x)κ=x∈B∖Ainf​D∞​(x)δ(x)​

We  prove  that  for  linear
systems x˙=−Axx˙=−Ax with AA symmetric positive definite, this
definition recovers the slowest eigenvalue λmin⁡(A)λmin​(A) —
the  conventional  notion  of  corrective  permeability.  We
establish a sharp universal persistence bound D∞(x)≤δ(x)/κD∞
(x)≤δ(x)/κ,  show  homogeneity  and  scale  invariance  of  the
variational ratio, and demonstrate consistency with Koopman
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spectral  theory  and  resolvent  poles  for  finite-dimensional
linear systems. A comparison theorem links κκ to classical
exponential  stability  constants.  A  Hamilton-Jacobi-type
transport  equation  for  D∞D∞​  is  derived.  A  finite-horizon
estimator  κT=inf⁡xδ(x)DT(x)κT​=infx​DT​(x)δ(x)​  is  provided
with exponential convergence under explicit assumptions.

The derivation is rigorous for linear systems and testable.
Open  questions  for  nonlinear,  multiscale,  and  stochastic
systems are identified.

Keywords:  corrective  permeability,  cumulative  deviation
functional, attractor framework, Koopman operator, trajectory
functional

1. Introduction
The  attractor  framework  has  been  applied  across  physics,
biology, cognition, and social systems. Its central variable —
corrective permeability κκ — measures the rate at which a
system  returns  to  its  attractor  after  perturbation.
Historically, κκ has been defined empirically as κ=1/τκ=1/τ,
where ττ is a measured recovery time constant.

This paper derives κκ from a single foundational object: the
cumulative  deviation  functional  DT(x)DT​(x).  Within  the
present framework, κκ is defined variationally rather than
introduced  as  an  empirical  fitting  parameter.  We  show
that  κκ  is  a  consequence  of  the  trajectory  geometry  —
specifically,  the  ratio  of  initial  distance  to  total
cumulative  deviation.

The derivation is rigorous for linear systems, connects to
established theory (Koopman operators, resolvent poles), and
provides a finite-horizon estimator for empirical use. Open



questions for nonlinear and stochastic systems are identified.

2.  The  Cumulative  Deviation
Functional
Let  XX  be  a  metric  space  with  distance  function  ∥⋅∥∥⋅∥.
Let ϕt(x)ϕt​(x) be the flow of a dynamical system starting
from state x∈Xx∈X at time t=0t=0. Let A⊆XA⊆X be an attractor
set (a compact, invariant set to which trajectories converge).
Let BB be the basin of attraction of AA.

Define  the  distance  from  a  point  to  the
attractor:δ(x)=d(x,A)=inf⁡a∈A∥x−a∥δ(x)=d(x,A)=a∈Ainf​∥x−a∥

Definition 1 (Cumulative Deviation Functional): For a finite
horizon  T>0T>0,  define:DT(x)=∫0Tδ(ϕt(x)) dtDT​(x)=∫0T​δ(ϕt
(x))dt

For T→∞T→∞, define:D∞(x)=∫0∞δ(ϕt(x)) dtD∞​(x)=∫0∞​δ(ϕt​(x))dt

Proposition  1  (Finiteness  of  D∞D∞​):  Assume  there  exist
constants C<∞C<∞ and μ>0μ>0 such that:δ(ϕt(x))≤Ce−μtδ(x)δ(ϕt
(x))≤Ce−μtδ(x)

for all x∈Bx∈B. Then D∞(x)<∞D∞​(x)<∞ for every x∈Bx∈B.

Proof:D∞(x)=∫0∞δ(ϕt(x)) dt≤∫0∞Ce−μtδ(x) dt=Cμδ(x)<∞D∞​(x)=∫0∞
δ(ϕt​(x))dt≤∫0∞​Ce−μtδ(x)dt=μC​δ(x)<∞□□

Properties (from Galida, 2026a):

Property Statement

Non-negativity DT(x)≥0DT​(x)≥0

Monotonicity
DT2(x)≥DT1(x)DT2​​(x)≥DT1​

(x) for T2≥T1T2​≥T1​



Property Statement

Additivity
DT+S(x)=DT(x)+DS(ϕT(x))DT+S​(x)=DT

(x)+DS​(ϕT​(x))

Instantaneous
growth

ddTDT(x)=δ(ϕT(x))dTd​DT​(x)=δ(ϕT​(x))

Occupation measure
DT(x)=∫δ(y) dμT(y)DT​(x)=∫δ(y)dμT​(y),
where μTμT​ is the occupation measure

3.  Derivation  of  Corrective
Permeability (κκ)

3.1 Variational Definition
Definition  2  (Corrective
Permeability):κ=inf⁡x∈B∖Aδ(x)D∞(x)κ=x∈B∖Ainf​D∞​(x)δ(x)​

Interpretation:  κκ  is  the  effective  recovery  rate  —  the
smallest  ratio  of  initial  distance  to  total  cumulative
deviation.  It  serves  as  a  global  measure  of  the  slowest
recovery mode in the basin.

Remark  on  κκ:  The  definition  allows  κ=0κ=0  if  D∞(x)D∞
(x) diverges or if the ratio δ(x)/D∞(x)δ(x)/D∞​(x) can be made
arbitrarily small. Throughout the remainder of this paper, we
assume  hypotheses  (such  as  the  exponential  stability  in
Proposition 1) that guarantee κ>0κ>0.

Remark on attainment: The infimum in the definition of κκ need
not be attained; minimizing sequences may exist without a
minimizing state. For linear systems, the infimum is attained
on the slow eigenspace.



3.2 Homogeneity and Scale Invariance
Theorem 1 (Homogeneity and Scale Invariance): Suppose the flow
satisfies  ϕt(αx)=αϕt(x)ϕt​(αx)=αϕt​(x)  for  all  tt  and
all  α>0α>0,  and  the  distance  function
satisfies  δ(αx)=αδ(x)δ(αx)=αδ(x).
Then:δ(αx)D∞(αx)=δ(x)D∞(x)D∞​(αx)δ(αx)​=D∞​(x)δ(x)​

Proof:D∞(αx)=∫0∞δ(ϕt(αx)) dt=∫0∞δ(αϕt(x)) dt=α∫0∞δ(ϕt(x)) dt=α
D∞(x)D∞​(αx)=∫0∞​δ(ϕt​(αx))dt=∫0∞​δ(αϕt​(x))dt=α∫0∞​δ(ϕt
(x))dt=αD∞​(x)

Corollary:  For  linear  systems,  the  infimum  over
all  x≠0x=0  reduces  to  an  infimum  over  the  unit
sphere:κ=inf⁡∥x∥=1δ(x)D∞(x)κ=∥x∥=1inf​D∞​(x)δ(x)​

3.3 Sharp Universal Persistence Bound
Theorem  2  (Sharp  Universal  Persistence  Bound):  For
any  x∈B∖Ax∈B∖A:D∞(x)≤δ(x)κD∞​(x)≤κδ(x)​

Moreover,  the  constant  1/κ1/κ  is  optimal:  it  is
the smallest constant such that this inequality holds for
all xx in the basin.

Proof:  By  definition  of  κκ  as  the  infimum
of  δ(x)/D∞(x)δ(x)/D∞​(x),  we  have  δ(x)/D∞(x)≥κδ(x)/D∞
(x)≥κ for all xx. Rearranging gives:D∞(x)≤δ(x)κD∞​(x)≤κδ(x)​

Optimality  follows  from  Theorem  3:  for  the  slow
eigenvector  v1v1​,  D∞(v1)=δ(v1)/κD∞​(v1​)=δ(v1​)/κ,  so  no
smaller constant can work.□□



3.4 Consistency with Linear Systems
Consider  a  linear  system  x˙=−Axx˙=−Ax,  with  AA  symmetric
positive  definite.  Let  its  eigenvalues  be  0<λ1≤λ2≤⋯≤λn0<λ1
≤λ2​≤⋯≤λn​,  with  corresponding  orthonormal
eigenvectors  v1,v2,…,vnv1​,v2​,…,vn​.

The  flow  is  ϕt(x)=e−Atxϕt​(x)=e−Atx.  The  attractor
is  A={0}A={0},  and  the  distance  to  the  attractor
is  δ(x)=∥x∥δ(x)=∥x∥.

Theorem  3  (Linear
Consistency):  For  x˙=−Axx˙=−Ax  with  AA  symmetric  positive
definite,inf⁡x≠0∥x∥D∞(x)=λmin⁡(A)x=0inf​D∞​(x)∥x∥​=λmin​(A)

Proof:

Since AA is symmetric positive definite, e−Ate−At is symmetric
positive  definite  with  eigenvalues  e−λite−λi​t.  Hence  its
operator  norm  is  ∥e−At∥=e−λ1t∥e−At∥=e−λ1​t.  For
any  x≠0x=0:D∞(x)=∫0∞∥e−Atx∥ dt≤∫0∞∥x∥e−λ1t dt=∥x∥λ1D∞
(x)=∫0∞​∥e−Atx∥dt≤∫0∞​∥x∥e−λ1​tdt=λ1​∥x∥​

Therefore:∥x∥D∞(x)≥λ1D∞​(x)∥x∥​≥λ1​

To show equality is achieved, take x=v1x=v1​ (the eigenvector
corresponding to λ1λ1​). Then:∥e−Atv1∥=∥v1∥e−λ1t∥e−Atv1​∥=∥v1
∥e−λ1​t

and:D∞(v1)=∫0∞∥v1∥e−λ1t dt=∥v1∥λ1D∞​(v1​)=∫0∞​∥v1​∥e−λ1
tdt=λ1​∥v1​∥​

Thus:∥v1∥D∞(v1)=λ1D∞​(v1​)∥v1​∥​=λ1​

Hence:inf⁡x≠0∥x∥D∞(x)=λ1x=0inf​D∞​(x)∥x∥​=λ1​□□

Corollary:  For  linear  systems,  the  variational  definition
of  κκ  recovers  the  slowest  eigenvalue  —  the  conventional
notion of corrective permeability.



3.5 Transport Equation
Theorem  4  (Transport  Equation):  Assume  the  vector
field  ff  is  C1C1,  the  flow  ϕtϕt​  is  C1C1,  and  D∞D∞​  is
continuously  differentiable  on  B∖AB∖A.
Then:∇D∞(x)⋅f(x)=−δ(x)∇D∞​(x)⋅f(x)=−δ(x)

Proof:  From  the  definition:D∞(ϕs(x))=D∞(x)−Ds(x)D∞​(ϕs
(x))=D∞​(x)−Ds​(x)

Differentiating  with  respect
to  ss  at  s=0s=0:ddsD∞(ϕs(x))∣s=0=−δ(x)dsd​D∞​(ϕs​(x))​s=0
=−δ(x)

By the chain rule:∇D∞(x)⋅f(x)=−δ(x)∇D∞​(x)⋅f(x)=−δ(x)□□

Interpretation:  This  is  a  first-order  transport
equation,  f⋅∇D=−δf⋅∇D=−δ,  which  belongs  to  the  broader
Hamilton-Jacobi family but lacks a Hamiltonian in the usual
sense. It may serve as a foundation for numerical computation
and further theoretical development.

3.6 Local vs. Global Interpretation
The  variational  definition  κ=inf⁡xδ(x)D∞(x)κ=infx​D∞​(x)δ(x)
 is global — it is the slowest recovery rate over the entire
basin. This is not necessarily the same as the local recovery
rate  near  the  attractor  (the  slowest  eigenvalue  of  the
linearization).  For  linear  systems,  they  coincide.  For
nonlinear systems, they may differ if transient excursions
produce slower effective recovery than the local linearization
predicts.

This distinction is important: κκ is a global invariant of the



basin,  not  merely  a  local  property  of  the  attractor.  The
relationship between the global κκ and the local Lyapunov
exponent is an open question (see §6).

3.7 Non-Symmetric Linear Systems
For a general linear system x˙=Axx˙=Ax (where AA is stable,
i.e., all eigenvalues have negative real parts), the same
principle holds in the diagonalizable case. The slowest mode
corresponds  to  the  eigenvalue  with  the  largest  real  part
(closest to zero).

Conjecture: An analogous result holds for non-normal linear
systems under additional assumptions on the semigroup, such as
a uniformly exponentially stable semigroup satisfying suitable
norm bounds. This remains an open question.

3.8 Comparison with Exponential Stability
Theorem 5 (Comparison with Exponential Stability): Suppose the
system  satisfies  the  exponential  stability
bound:δ(ϕt(x))≤Ce−μtδ(x)δ(ϕt​(x))≤Ce−μtδ(x)

for  all  x∈Bx∈B,  with  constants  C<∞C<∞  and  μ>0μ>0.
Then:κ≥μCκ≥Cμ​

Proof:  From  the  stability
bound:D∞(x)=∫0∞δ(ϕt(x)) dt≤∫0∞Ce−μtδ(x) dt=Cμδ(x)D∞​(x)=∫0∞
δ(ϕt​(x))dt≤∫0∞​Ce−μtδ(x)dt=μC​δ(x)

Therefore:δ(x)D∞(x)≥μCD∞​(x)δ(x)​≥Cμ​

Taking  the  infimum  over  xx:κ=inf⁡xδ(x)D∞(x)≥μCκ=xinf​D∞
(x)δ(x)​≥Cμ​□□



Interpretation: The variational constant κκ is bounded below
by the exponential stability constant μ/Cμ/C.

4. Connections to Existing Theory

4.1 Koopman Operator
The  Koopman  operator  KtKt  acts  on  observables
as:(Ktf)(x)=f(ϕt(x))(Ktf)(x)=f(ϕt​(x))

For  linear  systems  x˙=−Axx˙=−Ax,  the  Koopman  eigenvalues
are e−λite−λi​t. The dominant nontrivial eigenvalue (largest
less than 1) is e−λ1te−λ1​t, corresponding to the slowest
decay rate.

For finite-dimensional linear systems, ρ=e−λmin⁡tρ=e−λmin​t,
and therefore:−1tlog⁡ρ=λmin⁡=κ−t1​logρ=λmin​=κ

Thus,  under  the  hypotheses  of  Theorem  3,  the  variational
constant equals the exponential decay rate associated with the
dominant Koopman eigenvalue.

4.2 Resolvent Poles
For  finite-dimensional  stable  linear  systems,  the
resolvent (sI+A)−1(sI+A)−1 has poles at s=−λis=−λi​. The pole
closest to the imaginary axis is s=−λ1s=−λ1​.

Since Theorem 3 identifies κ=λmin⁡κ=λmin​, and the resolvent
poles  are  si=−λisi​=−λi​,  we  obtain:κ=min⁡i∣ℜ(si)∣κ=imin
∣ℜ(si​)∣

for finite-dimensional linear systems.



5. Finite-Horizon Estimation
In practice, we can only measure finite trajectories. Define
the  finite-horizon  estimator:κT=inf⁡x∈Kδ(x)DT(x)κT​=x∈Kinf​DT
(x)δ(x)​

where K⊂BK⊂B is compact and K∩A=∅K∩A=∅.

Proposition 2 (Finite-Horizon Estimation): Assume:

The  flow  ϕt(x)ϕt​(x)  is  jointly  continuous1.
in (t,x)(t,x).
δ(x)δ(x) is continuous.2.
The exponential stability bound δ(ϕt(x))≤Ce−μtδ(x)δ(ϕt3.
(x))≤Ce−μtδ(x)  holds  uniformly  for  all  x∈Kx∈K,
with  μ>0μ>0.

Then  the  variational  constant  κκ  (from  Definition  2)
satisfies κ≥μ/Cκ≥μ/C by Theorem 5, and:κT→κas T→∞κT​→κas T→∞

with error:∣κT−κ∣=O(e−μT)∣κT​−κ∣=O(e−μT)

Proof:  For  any  x∈Kx∈K,  the  tail  bound
gives:∣D∞(x)−DT(x)∣=∫T∞δ(ϕt(x)) dt≤Ce−μTδ(x)μ∣D∞​(x)−DT
(x)∣=∫T∞​δ(ϕt​(x))dt≤μCe−μTδ(x)​

Since  δ(x)δ(x)  is  bounded  on  the  compact  set  KK,
let  M=sup⁡x∈Kδ(x)<∞M=supx∈K​δ(x)<∞.
Then:∣D∞(x)−DT(x)∣≤CMe−μTμ∣D∞​(x)−DT​(x)∣≤μCMe−μT​

The right-hand side is independent of xx and tends to zero
as T→∞T→∞. Hence DT→D∞DT​→D∞​ uniformly on KK.

Moreover,  since  KK  is  compact  and  K∩A=∅K∩A=∅,  continuity
of δδ gives inf⁡x∈Kδ(x)>0infx∈K​δ(x)>0. Since DT(x)DT​(x) is
continuous  (by  assumptions  1–2)  and  monotonically  non-



decreasing  in  TT  (from  §2),  for  any  fixed  finite  T0>0T0
>0,  D∞(x)≥DT0(x)D∞​(x)≥DT0​​(x),  and  DT0DT0​​  is  continuous
and strictly positive on KK. A continuous, strictly positive
function  on  a  compact  set  has  a  positive
infimum:m=inf⁡x∈KDT0(x)>0m=x∈Kinf​DT0​​(x)>0

Thus:inf⁡x∈KD∞(x)≥m>0x∈Kinf​D∞​(x)≥m>0

Uniform convergence of DTDT​ to D∞D∞​ on KK therefore implies
uniform  convergence  of  δ(x)/DT(x)δ(x)/DT
(x)  to  δ(x)/D∞(x)δ(x)/D∞​(x).  Consequently,  the  infima
converge.□□

6. Open Questions
Question Status Difficulty

Q1: Nonlinear
systems

Does inf⁡δD∞infD∞​δ​ equal the
local Lyapunov exponent?

Hard

Q2: Local vs.
global

consistency

Does lim⁡x→Aδ(x)D∞(x)=κlimx→A​D∞
(x)δ(x)​=κ hold for general

nonlinear systems?
Hard

Q3: Non-
normal
systems

Does the infimum equal the slowest
eigenvalue for non-normal AA?

Moderate

Q4: Multiple
timescales

Does the infimum isolate the
slowest timescale?

Hard

Q5:
Stochastic
systems

How does noise affect the finite-
horizon estimator?

Hard

Q6: Multiple
attractors

How does κκ behave in basins with
multiple attractors?

Moderate



7. Conclusion
This  paper  derives  corrective  permeability  κκ  from  the
cumulative deviation functional DT(x)DT​(x). The variational
definition:κ=inf⁡xδ(x)D∞(x)κ=xinf​D∞​(x)δ(x)​

is shown to recover the slowest eigenvalue for linear systems,
consistent  with  the  conventional  empirical
definition  κ=1/τκ=1/τ.  A  sharp  universal  persistence
bound D∞(x)≤δ(x)/κD∞​(x)≤δ(x)/κ is established. A comparison
theorem links κκ to classical exponential stability constants.
A  Hamilton-Jacobi-type  transport  equation  for  D∞D∞​  is
derived. Connections to Koopman theory and resolvent theory
are  established  for  finite-dimensional  linear  systems.  A
finite-horizon estimator κTκT​ is provided with exponential
convergence under explicit assumptions.

Key contribution: Within the present framework, κκ is defined
variationally rather than introduced as an empirical fitting
parameter — at least for the class of systems analyzed here.

Next  steps:  Extend  the  derivation  to  nonlinear  systems
(Q1–Q2), non-normal systems (Q3), multiple timescales (Q4),
and stochastic dynamics (Q5).
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The Performance Attractor: A
Framework  for  Social
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Abstract
The  attractor  framework  provides  a  unified  vocabulary  for
describing persistence and change across physical, biological,
cognitive,  and  social  systems.  This  paper  extends  that
vocabulary  to  social  cognition.  It  proposes  that  social
performance — the regulation of behavior in response to an
internal model of being evaluated by real or imagined others —
can be modeled as an attractor landscape in a high-dimensional
social  state  space.  Internal  narration  does  not  merely
stabilize an attractor—it may actively reshape the attractor
landscape over time. Confidence is hypothesized to correspond
to a balance of κ, B, and R; insecurity to an imbalance.
Happiness is hypothesized to be structurally associated with
perceived  action  capacity  and  confidence;  unhappiness  with
despondency. The paper formally defines the fantasy attractor
of social performance — a self-reinforcing, reality-resistant
basin whose update operator exhibits persistent insensitivity
to  corrective  evidence.  The  Taoist  concept  of  wu  wei  is
interpreted as one computational resolution of the “wu wei
paradox.” The framework generates testable predictions and is
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offered as a foundation for empirical investigation.

This paper presents a model hypothesis — that social behavior
can be represented as movement among attractor states — and a
philosophical interpretation — that human social existence may
be inescapably performative. These are distinct claims. The
model  hypothesis  is  the  primary  contribution;  the
philosophical  interpretation  is  offered  as  a  generative
implication, not a proven conclusion.

1. Introduction
Social life involves performance — behavior optimized with
respect to an internal model of social evaluation. We adopt
roles, manage impressions, curate presentations of self. We
monitor  ourselves  constantly  —  rehearsing,  evaluating,
adjusting. And we narrate internally — a running commentary on
our own performance.

This is not a bug. It is a feature. Survival depends upon
social navigation. Internal narration is practice — rehearsal
for future interactions. Without it, there would be far more
conflict.

But performance has a cost. Self-awareness becomes acute — and
can paralyze. The same mechanism that enables survival can
trap the system in a self-reinforcing loop. The performance
can  become  a  fantasy  attractor  —  reality-resistant,  self-
sealing, and ultimately artificial.

A note on the paper’s scope: This paper presents a model
hypothesis  —  that  social  behavior  can  be  represented  as
movement among attractor states in a high-dimensional state
space. It also presents a philosophical interpretation — that
human social existence may be inescapably performative. These



are  distinct  claims.  The  model  hypothesis  is  the  primary
contribution; the philosophical interpretation is offered as a
generative implication, not a proven conclusion.

A note on the paper’s strongest contribution: The central
hypothesis  is  that  internal  narration  does  not  merely
stabilize an attractor — it may actively reshape the attractor
landscape over time. This is a novel, testable computational
claim.

2. Core Definitions

2.1 The Framework Variables
Variable Definition Role

κ (corrective
permeability)

The rate at which a system
returns to its dynamical

trajectory after
perturbation

Measures
corrigibility

B (basin depth)

The energy barrier
required to shift a system
from one attractor state

to another

Measures
stability

C (coordination
capacity)

The ability of a system to
coordinate collective

action

Measures
coherence

R (reality
alignment)

Within this framework, R
is operationalized as

predictive accuracy — the
expected log predictive

likelihood

Measures truth-
tracking

Note: R is an operational measure of predictive accuracy, not
a metaphysical claim about correspondence with reality. It is



the  expected  log  predictive
likelihood:  R=E[log⁡p(y∣X)]R=E[logp(y∣X)].  When  predictions
are accurate, R is close to 0 (maximal). When predictions are
poor, R is a large negative number (poor alignment).

2.2 Social Performance: A Definition
Social  performance  is  defined  as  behavior  optimized  with
respect to an internal model of social evaluation.

This definition is:

Measurable:  It  can  be  operationalized  through  self-
report,  behavioral  observation,  and  physiological
measures
Distinct: It distinguishes social performance from other
forms  of  action  (e.g.,  gardening  alone,  quiet
contemplation)
Connected to literature: It aligns with social cognition
research on impression management, self-monitoring, and
social anxiety

Falsification: If behavior is observed to be independent of
internal models of evaluation, the concept is not useful.

2.3 The State Space of Social Performance
Define the social state vector:X(t)∈RnX(t)∈Rn

where nn is the dimensionality of the state space. The choice
of representation is domain-specific:

Representation Form Domain

Role vector
X=(r1,r2,…,rn)X=(r1

,r2​,…,rn​)
Social roles and

identities



Representation Form Domain

Self-monitoring
vector

X=(a,m,p)X=(a,m,p)

Attention to
self, monitoring

intensity,
performance

effort

Social feedback
vector

X=(f1,f2,…,fn)X=(f1
,f2​,…,fn​)

Perceived social
feedback

Falsification: If different social states produce identical
trajectories in the chosen XX-space, the representation fails.

2.4 The State Equation (Fixed Landscape)
The dynamics of the social state on a fixed landscape are
governed by:X˙=−∇V(X)+η(t)+E(t)X˙=−∇V(X)+η(t)+E(t)​

where:

X(t)X(t) is the social state at time tt
V(X)V(X) is the social potential landscape
η(t)η(t) is stochastic noise (temperature TT)
E(t)E(t) is external perturbation

2.5 The Potential Function
The  framework  requires  a  potential
function  V(X)V(X)  satisfying:

Differentiability: VV is smooth1.
Locally stable minima: Attractors exist2.
Finite escape barriers: Basins have finite depth3.

A  convenient  illustrative  form
is:V(X)=12c∥X−X∗∥2+B1+e−α∥X−X∗∥2V(X)=21
c∥X−X∗∥2+1+e−α∥X−X∗∥2B​



where:

cc is the curvature parameter (not κ)
BB is the basin depth (barrier height)
αα controls the steepness of the basin

Note: This is an illustrative ansatz, not a unique derivation.
Other functional forms satisfying the three conditions above
are equally compatible with the framework.

Note on κ/B coupling: Under this specific ansatz, the local
curvature at the attractor — and therefore κ — depends on both
c and B (and α). Increasing B while holding c fixed also
increases κ. This coupling is a property of this particular
potential  function;  other  functional  forms  might  decouple
them. Whether κ and B can be independently manipulated is an
open empirical question.

2.6 Derived Variables
Variable Derivation Units

κ κ=λmin(∇2V(X∗))κ=λmin​(∇2V(X∗)) time−1time−1

B
B=min⁡X∈∂BV(X)−V(X∗)B=minX∈∂B

V(X)−V(X∗)
Energy

R R=E[log⁡p(y∣X)]R=E[logp(y∣X)]
Bits (expected
log predictive
likelihood)

3. Adaptive Landscape Dynamics

3.1 From Fixed to Adaptive Landscapes
Sections 2.4–2.6 describe dynamics on a fixed landscape — the
potential  function  V(X)V(X)  is  static.  However,  Section  3



introduces an extension in which the landscape itself evolves
through learning, experience, and internal narration.

This is an adaptive landscape:V=V(X,t)V=V(X,t)

and  the  dynamics  become:X˙=−∇XV(X,t)+η(t)+E(t)X˙=−∇X
V(X,t)+η(t)+E(t)
V˙=g(narration,learning,experience)V˙=g(narration,learning,exp
erience)​

The landscape evolves over time as a function of internal
narration  and  experience.  This  distinguishes  the  framework
from fixed-landscape models and makes it genuinely adaptive.

3.2  Internal  Narration  and  Landscape
Reshaping
Hypothesis: Internal narration does not merely deepen B — it
may  reshape  the  attractor  landscape
itself.V˙=g(narration)V˙=g(narration)

where gg captures how narration:

Deepens existing wells
Creates new wells
Splits one basin into multiple identity basins
Flattens obsolete basins

Empirical anchor: Rumination — a form of repetitive, self-
focused narration — is associated with cognitive rigidity,
suggesting deeper basins (Nolen-Hoeksema, 1991).

Falsification: If narration frequency does not correlate with
B measures or landscape reshaping, the link is unsupported.



3.3 Rehearsal and Performance Improvement
Hypothesis: Internal narration functions as rehearsal — it
improves performance under social conditions.

Empirical  anchor:  Self-talk  research  shows  that  strategic
internal  rehearsal  improves  public-speaking  performance
(Hardy, 2006).

Falsification:  If  narration  does  not  predict  performance
improvement, the rehearsal hypothesis fails.

3.4 The Bidirectional Loop
The  relationship  between  performance  and  narration  is
bidirectional:Performance↔Narration↔V(X,t)Performance↔Narratio
n↔V(X,t)

Stage Description

1. Performance
You adopt a role, manage impressions,

curate your presentation

2. Narration
You rehearse, evaluate, adjust,
comment on your own performance

3. Reshaping
The landscape evolves — wells deepen,

new wells form, obsolete wells
flatten

4. Monitoring You watch yourself constantly

5. Performance
improves

The rehearsal makes you a better
performer

6. Self-awareness
becomes acute

You become hyper-aware of your own
performance

The loop is self-reinforcing: performance generates narration,
narration reshapes the landscape, and the reshaped landscape
generates more performance.



4. Confidence vs. Insecurity

4.1 Confidence
Hypothesis: Confidence corresponds to moderate κ + moderate B
+  moderate  R  —  the  system  is  stable  enough  to  persist,
flexible enough to correct, and aligned enough to navigate.

Empirical  anchor:  Higher  self-efficacy  correlates  with
persistence and success in tasks (Bandura, 1997).

Falsification:  If  confidence  does  not  correlate  with  the
predicted parameter combination, the hypothesis fails.

4.2 Insecurity
Hypothesis:  Insecurity  corresponds  to  high  error  detection
(κ_detection) + low behavioral updating (κ_correction) + deep
B + low R.

This  requires  separating  two  components  of  corrective
permeability:

κ_detection: The rate at which errors are detected
κ_correction: The rate at which behavior is updated in
response to errors

Insecurity involves rapid detection but poor updating.

Note:  This  split  into  κ_detection  and  κ_correction  is  an
informal extension to the formal model, introduced to capture
the  distinction  between  error  detection  and  behavioral
updating. The formal model (see §2.6) defines κ as a single



scalar — the slowest-relaxing mode of the Hessian. The two-
component decomposition is a heuristic for interpretation, not
a derivation from the state equation.

Empirical  anchor:  Social  anxiety  involves  hyper-vigilance,
chronic  negative  self-monitoring,  and  low  reality-alignment
(Clark & Wells, 1995).

Falsification:  If  insecurity  does  not  correlate  with  this
parameter combination, the hypothesis fails.

4.3 The Difference
State κ_detection κ_correction B R Outcome

Confidence Moderate Moderate Moderate Moderate Action

Insecurity High Low Deep Low Freezing

5. Happiness and Unhappiness

5.1 Happiness and Confidence
Hypothesis: Within this framework, happiness is structurally
associated  with  perceived  action  capacity  and  confidence.
Happiness  is  hypothesized  to  correlate  with  behavioral
measures of social engagement, action initiation, and risk-
taking.

Empirical anchor: Perceived control correlates negatively with
depression  (Seligman,  1975).  When  people  feel  capable  and
their actions lead to outcomes, they tend to be happier.

Falsification: If happiness does not correlate with confidence
measures, the hypothesis fails.



5.2 Unhappiness and Despondency
Hypothesis:  Unhappiness  is  structurally  associated  with
despondency  —  the  felt  sense  of  being  unable  to  act.
Unhappiness  is  hypothesized  to  correlate  with  behavioral
measures of withdrawal, inaction, and avoidance.

Empirical anchor: Perceived control correlates negatively with
depression. When people feel powerless, unhappiness rises.

Falsification:  If  unhappiness  does  not  correlate  with
despondency  measures,  the  hypothesis  fails.

5.3 The Relationships
Relationship Meaning

Happiness ≈
Confidence

Happiness is structurally associated
with the experience of trusting your

own basin

Unhappiness ≈
Despondency

Unhappiness is structurally associated
with the experience of not trusting

your own basin
Note:  These  are  associations,  not  identities.  Happiness
includes  pleasure,  meaning,  attachment,  physiology,
temperament,  reward  processing,  and  social  connection.
Confidence explains part of happiness — not all of it.



6. The Fantasy Attractor of Social
Performance

6.1 Formal Definition
A fantasy attractor is an attractor whose update operator
exhibits persistent insensitivity to corrective evidence.

Formally, a fantasy attractor satisfies:

High B: Deep basin — the system is resistant to leaving1.
Low effective κ: Poor correction — the system does not2.
update in response to evidence
Systematically biased R: Low reality alignment — the3.
system’s models are persistently distorted
Persistent insensitivity to corrective evidence:4.

∂R∂E≈0∂E∂R​≈0

despite non-zero prediction error, where EE is disconfirming
evidence. The system’s predictive accuracy does not improve
even when errors are present.

6.2 Diagnosis
Hypothesis:  The  performance-narration  system  can  become  a
fantasy  attractor  —  a  self-reinforcing,  reality-resistant
basin  that  persists  despite  mounting  evidence  of  its
artificiality.

Symptom Description

Low R
The system is aligned with the
performance, not with reality

Deep B The performance is deeply entrenched

Low κ
The system resists correction — any

challenge to the performance is a threat



Symptom Description

Self-reinforcement The performance loops back on itself

6.3 Sealing Mechanisms
Mechanism Description

Confirmation bias
Seeking confirming evidence,
ignoring disconfirming cues

Belief perseverance
Beliefs persist after evidence is

shown to be false

Counter-evidence
discounting

Disconfirming evidence is reframed
as an exception

Identity fusion
The performance is tied to self-

worth
Falsification:  If  a  person  accepts  disconfirming  evidence
readily, the fantasy-attractor model is wrong.

6.4 Attractor Shifts, Not Escape
Hypothesis: The framework predicts that interventions shift
individuals  between  attractor  configurations  rather  than
eliminating social regulation entirely.

Empirical  anchor:  Every  intervention  tested  (mindfulness,
therapy, meditation) produces a new cognitive mode, not a
blank slate.

Testable prediction: Every intervention preserves some degree
of social predictive regulation, even if self-monitoring and
explicit narration decrease.

Operationalization: Meditation decreases self-report narration



but leaves prediction accuracy above chance. Therapy decreases
rumination  without  eliminating  role  behaviour.  These  are
measurable quantities.

Falsification: If an intervention produces a state with zero
self-monitoring,  zero  role  occupancy,  and  zero  internal
narration, the hypothesis fails.

7. Testable Predictions

Prediction 1: Narration correlates with B
Frequent internal narration will correlate with measures of
role persistence and resistance to social feedback.

Prediction  2:  Narration  improves
performance
Strategic  internal  narration  will  predict  performance
improvement  in  social  tasks.

Prediction 3: Confidence = moderate κ +
moderate B + moderate R
High-confidence  individuals  will  show  balanced  measures  of
corrigibility, stability, and reality alignment.

Prediction  4:  Insecurity  =  high
κ_detection + low κ_correction + deep B +
low R
High-insecurity individuals will show rapid error detection,
poor  behavioral  updating,  deep  role  persistence,  and  poor
social prediction accuracy.



Prediction 5: Happiness correlates with
confidence
Happiness self-reports will correlate with behavioral measures
of social engagement, action initiation, and risk-taking.

Prediction 6: Unhappiness correlates with
despondency
Unhappiness  self-reports  will  correlate  with  behavioral
measures of withdrawal, inaction, and avoidance.

Prediction 7: Taoist practitioners show
shallow B + high κ + high R
Taoist  practitioners  will  show  shallower  role  persistence,
faster  error  correction,  and  higher  social  prediction
accuracy.

Prediction  8:  Interventions  shift
attractors, not eliminate performance
Every intervention preserves some degree of social predictive
regulation,  even  if  self-monitoring  and  explicit  narration
decrease.  Meditation  decreases  self-report  narration  but
leaves  prediction  accuracy  above  chance.  Therapy  decreases
rumination without eliminating role behaviour.

8. Philosophical Interpretation: Wu
Wei



8.1 Wu Wei as a Distinct Attractor State
Wu wei is a Taoist concept often translated as “non-action” or
“effortless action.” Within this framework, we interpret it as
a distinct attractor state characterized by shallow B, high κ,
and  high  R  —  a  state  of  effortless  responsiveness,  full
attunement to reality, and minimal self-monitoring.

The longstanding paradox of deliberate spontaneity (wu wei)
has been extensively discussed in the scholarship on early
Chinese thought (Slingerland, 2000). This paper offers one
computational resolution of that paradox.

This is one computational interpretation of wu wei, not a
definitive reading of the tradition.

Empirical  anchor:  Taoist  practitioners  show  differences  in
cognitive flexibility, role persistence, and social prediction
accuracy compared to controls.

Falsification: If Taoist practitioners do not show shallower
B, higher κ, or higher R, the hypothesis fails.

8.2 The Paradox of Non-Performance
Observation:  To  claim  non-performance  is  to  perform  non-
performance.

Resolution:  The  performance  of  non-performance  is  not  a
failure  —  it  is  the  only  path.  There  is  no  escape  from
performance; there is only the choice of which performance to
inhabit.



Performance Type B κ R Outcome

Social
performance

(role-playing)
Deep Low Low

Trapped in
fantasy

attractor

Authenticity
performance

Moderate Moderate Moderate
Closer to
reality

Non-performance
performance

Shallow High High
The closest

approximation
available

8.3 The Taoist’s Basin
Claim Underlying Dynamics

“I am non-performative”
The performance of being non-

performative

“I am authentic” The performance of being authentic

“I have transcended” The performance of having transcended

“I am at peace” The performance of being at peace

9. What This Paper Does Not Claim
This paper does not claim:

Performance is inherently pathological
Escape from performance is possible
Taoism is a complete solution
The framework replaces social psychology
The framework is a theory of everything
Happiness is only confidence
Wu wei is definitively “performing non-performance”
The philosophical interpretation is proven



10. Limitations
Limitation Address

κ, B, and R are not yet
measured in social contexts

Candidate measures are
proposed but not validated

The Taoist mapping is
philosophical, not empirical

Empirical testing is required

The state space is generic
Specific representations

require empirical validation

The potential function is
illustrative

Alternative forms are possible

11. Conclusion
Social performance can be modeled as an attractor landscape.
Internal  narration  functions  as  rehearsal,  deepening  the
performance  basin  or  reshaping  the  landscape.  Confidence
enables  action;  insecurity  enables  freezing.  Happiness  is
structurally  associated  with  confidence;  unhappiness  with
despondency.

The  fantasy  attractor  of  social  performance  is  formally
defined  as  an  attractor  whose  update  operator  exhibits
persistent  insensitivity  to  corrective  evidence  —  unifying
confirmation  bias,  belief  perseverance,  identity-protective
cognition, and self-presentation into one dynamical picture.

Wu  wei  is  interpreted  as  a  distinct  attractor  state
characterized by shallow B, high κ, and high R — effortless
responsiveness, full attunement to reality.

The framework predicts that adaptive functioning depends less



on escaping social performance than on occupying attractor
states that remain corrigible, reality-aligned, and resistant
to maladaptive self-reinforcement.
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Abstract
The  attractor  framework  provides  a  unified  vocabulary  for
describing persistence and change across physical, biological,
cognitive, and social systems. This paper presents a formal
theory  of  cognitive  attractor  dynamics,  grounding  the
framework’s  core  variables—κ  (corrective  permeability),  B
(basin  depth),  C  (coordination  capacity),  and  R  (reality
alignment)—in a rigorous mathematical framework. The cognitive
state  space  X(t)∈RnX(t)∈Rn  is  defined,  a  dynamical
equation X˙=−∇V(X)+η(t)+E(t)X˙=−∇V(X)+η(t)+E(t) is specified,
and  the  variables  are  derived  from  the  potential
landscape V(X)V(X). The theory connects to existing frameworks
(Hopfield  networks,  predictive  coding,  active  inference,
reinforcement  learning)  and  generates  testable  predictions
about  cognitive  flexibility,  goal  persistence,  reality
alignment, and coordination capacity. The paper is offered as
a formal foundation for empirical testing.

All  claims  are  formal  hypotheses,  not  conclusions.  The
framework  is  a  domain-general  dynamical  ontology  with  an
associated  research  programme  —  a  formal  theory,  not  a
completed science.
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1. Introduction
The  attractor  framework  has  been  applied  to  biology,
cosmology,  AI,  and  civilizational  dynamics.  This  paper
presents a formal theory of cognitive attractor dynamics. It
asks a simple question:

Can the self — beliefs, goals, and self-narratives — be
modeled  as  an  attractor  landscape  in  a  high-dimensional
cognitive state space?

The answer is yes — with explicit formal definitions.

A note on the Law of Attraction: The Law of Attraction is
often framed as a metaphysical claim. This paper reframes it
as  conscious  self-direction  and  self-engineering  —  the
deliberate shaping of one’s own cognitive attractor landscape
through  belief  revision,  attentional  focus,  and  behavioral
reinforcement.

A note on the framework’s status: This paper presents a formal
theory.  The  mathematical  derivation  of  equivalence  is
specified.  The  framework  is  offered  as  a  foundation  for
empirical testing.

A note on domain of applicability: The framework applies to
any  persistent  cognitive  system  satisfying  the  formal
conditions  defined  below.

2. Core Definitions



2.1 The Framework Variables
Variable Definition Role

κ (corrective
permeability)

The rate at which a
system returns to its
dynamical trajectory
after perturbation

Measures
corrigibility

B (basin depth)

The energy barrier
required to shift a
system from one

attractor state to
another

Measures
stability

C (coordination
capacity)

The ability of a system
to coordinate collective

action

Measures
coherence

R (reality
alignment)

The degree to which a
system’s models

correspond to empirical
reality

Measures truth-
tracking

2.2 Primitive vs. Derived Concepts
Primitive Definition Derived Source

State

The complete
description of a
system at a given

time

— —

Interaction

Any exchange of
energy, momentum,
or information
between systems

— —



Primitive Definition Derived Source

Constraint

Any factor that
restricts the

possible states or
trajectories of a

system

— —

Perturbation

Any deviation from
the system’s
dynamical
trajectory

— —

— — κ

Recovery rate after
perturbation (derived

from perturbation
dynamics)

— — B

Energy barrier
between attractors

(derived from
constraint topology)

— — C
Coordination capacity

(derived from
interaction topology)

— — R
Reality alignment

(derived from model-
state correspondence)

3. The Formal Theory

3.1 The Cognitive State Space
Define the cognitive state vector:X(t)∈RnX(t)∈Rn

where nn is the dimensionality of the state space. The choice
of representation is domain-specific:



Representation Form Domain

Belief vector
X=(b1,b2,…,bn)X=(b1​,b2

,…,bn​)
Cognitive
psychology

Neural latent X∈RdX∈Rd
Computational
neuroscience

Control variables X=(a,e,m)X=(a,e,m) Cognitive control
Distinction between spaces:

Abstract state space XX: the theoretical manifold of
cognitive states
Measurement  space  YY:  the  space  of  observables
(behavior, neural activity)
Embedding ϕ:Y→Xϕ:Y→X: mapping from data to latent state

Falsification: If different cognitive states produce identical
trajectories in the chosen XX-space, the representation fails.

3.2 The State Equation
The  dynamics  of  the  cognitive  state  are  governed
by:X˙=−∇V(X)+η(t)+E(t)X˙=−∇V(X)+η(t)+E(t)​

where:

X(t)X(t) is the cognitive state at time tt
V(X)V(X) is the cognitive potential landscape
η(t)η(t) is stochastic noise (temperature TT)
E(t)E(t) is external perturbation

3.3 The Potential Function
We adopt the following illustrative potential function — a
mathematically smooth function that produces one minimum and
finite  depth:V(X)=12c∥X−X∗∥2+B1+e−α∥X−X∗∥2V(X)=21
c∥X−X∗∥2+1+e−α∥X−X∗∥2B​



where:

cc is the curvature parameter (not κ)
BB is the basin depth (barrier height)
αα controls the steepness of the basin

Note:  This  potential  function  is  an  illustrative  ansatz,
chosen to demonstrate the framework’s logic. Alternative forms
(multi-well,  free-energy-based)  are  possible  and  should  be
explored  empirically.  The  specific  functional  form  is  not
claimed to be a unique derivation.

Alternative forms:

Form Equation Use Case

Quadratic
V(X)=12c∥X−X∗∥2V(X)=21

c∥X−X∗∥2
Single attractor,
linear dynamics

Multi-well
V(X)=∑iBiϕ(∥X−Xi∗∥2)V(X)=∑i

Bi​ϕ(∥X−Xi∗​∥2)
Multiple attractors

Free
energy

V(X)=−log⁡p(X)V(X)=−logp(X)
Bayesian/predictive

coding

3.4 Basin Depth (B)
Basin depth BB is the energy barrier required to escape the
attractor’s basin:B=min⁡X∈∂BV(X)−V(X∗)B=X∈∂Bmin​V(X)−V(X∗)

where:

X∗X∗ is the attractor (stable fixed point)
∂B∂B is the boundary of the basin of attraction
V(X∗)V(X∗) is the potential at the attractor

Empirical estimation: BB can be estimated from:

Time to return to baseline after perturbation



Probability of escape under noise: Pescape∝e−B/TPescape
∝e−B/T
Hysteresis in response to changing inputs

3.5 Corrective Permeability (κ)
κ  is  the  rate  of  recovery  toward  the  attractor  after  a
perturbation.  It  is  derived  from  the  curvature  of  V,  not
independently parameterized.

Formal  definition:  For  a  linearized  system  near  the
attractor:δX˙=−∇2V(X∗)δXδX˙=−∇2V(X∗)δX

where δX=X−X∗δX=X−X∗ is the deviation from the attractor. The
recovery rate is determined by the largest (least negative)
eigenvalue of the Hessian:κ=−λmax(−∇2V(X∗))κ=−λmax​(−∇2V(X∗))

For  our  illustrative
potential:∇2V(X)=c+2Bαc1+e−α∥X−X∗∥2∇2V(X)=c+1+e−α∥X−X∗∥22Bαc​

At the attractor (X=X∗X=X∗):κbaseline=c+Bακbaseline​=c+Bα

This resolves the circularity: κ is now a derived quantity
from  the  same  landscape  V.  It  is  not  independently
parameterized.

Empirical estimation: κ can be estimated from:

Error-correction times in cognitive tasks
Post-error slowing in reaction time tasks
Recovery from emotional perturbations
Neural measures of flexibility (dynamic connectivity)

3.6 Reality Alignment (R)
R  is  the  predictive  accuracy  of  the
system:R=−E[log⁡p(y∣X)]R=−E[logp(y∣X)]



where  p(y∣X)p(y∣X)  is  the  system’s  predictive  distribution
over outcomes yy given its current state XX.

R  belongs  in  learning  dynamics,  not  in  the
potential:θ˙=g(R,δ)θ˙=g(R,δ)

where θ controls the landscape V, and δ is the prediction
error.

Relationship to free energy:F=KL(q∥p)+RF=KL(q∥p)+R

where FF is variational free energy. R is maximized when the
system’s predictions match reality.

Empirical estimation: R can be estimated from:

Predictive accuracy in decision-making tasks
Calibration of confidence judgments
Prediction error signals (dopaminergic, sensory)

3.7 Coordination Capacity (C)
C  is  hypothesized  to  emerge  from  the  network  topology  of
cognitive subsystems.

Open research question: The specific functional form — whether
it  depends  on  total  coupling  strength,  spectral  radius,
modularity, or other graph-theoretic measures — is an open
research question. Candidate measures include:

Measure Description

Spectral radius
Largest eigenvalue of coupling

matrix

Modularity Degree of community structure

Global efficiency
Average inverse shortest path

length



Measure Description

Synchronization threshold
Second-smallest Laplacian

eigenvalue
Empirical estimation: C can be estimated from:

Coherence between subsystems
Synchrony of neural or behavioral signals
Network graph-theoretic measures

Note:  The  formula  C=Tr(W)⋅min⁡iBiC=Tr(W)⋅mini​Bi​  is  not
claimed as a unique derivation. It is a placeholder for future
empirical investigation.

4. The Full Parameterized System

4.1 Complete State Equation
Combining  all
definitions:X˙=−∇V(X)+η(t)+E(t)X˙=−∇V(X)+η(t)+E(t)​

where:

V(X)V(X) is the cognitive potential landscape
η(t)η(t) is stochastic noise (temperature TT)
E(t)E(t) is external perturbation

4.2 Derived Variables
Variable Derivation Units

κ κ=−λmax(−∇2V(X∗))κ=−λmax​(−∇2V(X∗)) time−1time−1

B
B=min⁡X∈∂BV(X)−V(X∗)B=minX∈∂B

V(X)−V(X∗)
Energy



Variable Derivation Units

R R=−E[log⁡p(y∣X)]R=−E[logp(y∣X)] Bits

C Open research question Dimensionless

4.3 Parameter Interactions
The parameters are hypothesized to interact:

Hypothesis Formal Statement

κ increases with R κ∝Rκ∝R

B decreases with κ B∝1/κB∝1/κ

R decreases with B R∝1/BR∝1/B

Optimal B maximizes κ·R B∗=arg⁡max⁡(κ⋅R)B∗=argmax(κ⋅R)
Falsification: If the variables are entirely independent, the
framework is a taxonomy, not a unified theory.

5.  Relationship  to  Existing
Frameworks

Framework Mathematical Form Relationship

Hopfield
networks

V=−12∑wijXiXjV=−21​∑wij​Xi​Xj​
Special case:

discrete
attractors

Predictive
coding

F=−log⁡p(y∥X)+KLF=−logp(y∥X)+KL

R is negative
free energy

(minus
complexity)

Active
inference

X˙=−∂F∂XX˙=−∂X∂F​

General case:
both

perception
and action



Framework Mathematical Form Relationship

Reinforcement
learning

V(s)=max⁡aE[R+γV(s′)]V(s)=maxa
E[R+γV(s′)]

C emerges
from value
function
coupling

6. Testable Predictions

6.1 Prediction 1: Mindfulness Increases κ
Formal  statement:  Mindfulness  training  increases  corrective
permeability.

Empirical test: Measure error-correction times in cognitive
tasks before and after mindfulness intervention. Faster post-
error adjustments indicate higher κ.

Falsification: If mindfulness training does not lead to faster
error-correction times, the prediction fails.

6.2 Prediction 2: Rigidity = Deep B + Low
κ
Formal statement: High cognitive rigidity corresponds to deep
B and low κ.

Empirical  test:  Measure  reversal  learning  times  and  set-
shifting ability in high-rigidity individuals.

Falsification:  If  rigid  individuals  adapt  as  quickly  as
flexible individuals, the prediction fails.



6.3 Prediction 3: Rumination = High B +
Low R
Formal statement: Rumination corresponds to high B and low R.

Empirical test: Measure persistence in negative mood states
and predictive accuracy in ruminative individuals.

Falsification:  If  ruminators  show  low  persistence  or  high
predictive accuracy, the prediction fails.

6.4 Prediction 4: Success = High B + High
κ
Formal statement: Goal achievement requires both deep B and
high κ.

Empirical test: Measure goal persistence (B) and adaptability
(κ) in high-achieving individuals.

Falsification: If high achievers show low B or low κ, the
prediction fails.

6.5 Prediction 5: Obsession = High B +
Low κ
Formal statement: Obsessive-compulsive patterns correspond to
high B and low κ.

Empirical test: Measure persistence on incorrect choices in
obsessive individuals.



Falsification: If obsessive individuals show normal recovery
from errors, the prediction fails.

6.6  Prediction  6:  Kramers’  Escape  in
Cognition
Formal  statement:  Cognitive  transition  probabilities  follow
Kramers’ law.

Empirical test: Vary noise levels (uncertainty, distractors)
and measure transition rates between cognitive states.

Falsification:  If  the  relationship  is  not  log-linear,  the
basin-depth metaphor fails.

6.7 Prediction 7: Exponential Recovery
Formal  statement:  Cognitive  recovery  follows  exponential
decay.

Empirical test: Fit recovery trajectories to exponential and
power-law models.

Falsification: If power-law fits are superior, the exponential
recovery model fails.

7. What This Paper Does Not Claim
This paper does not claim:

Thoughts directly create reality



The  Law  of  Attraction  is  literally  true  as  a
metaphysical claim
The framework replaces cognitive science
The framework is a theory of everything
The framework generates novel predictions (it does — see
§6)
Mathematical  equivalence  between  cognitive  and  other
systems
C  is  a  primitive  variable  (it  is  an  open  research
question)
The  illustrative  potential  function  is  a  unique
derivation

8. Limitations
Limitation Address

κ is derived from V ✅ Resolved

R belongs in
learning dynamics

✅ Resolved

B and κ are not
independent

✅ Resolved

Potential function
is ad hoc

✅ Acknowledged as illustrative ansatz

State space is
generic

✅ Distinction between
abstract/measurement/embedding spaces

added

C formula is
speculative

✅ Removed; left as open research
question



9. Open Research Questions
Question Domain

What is the minimal state space for a given
cognitive domain?

Formalization

What is the functional form of V(X) for a given
domain?

Formalization

Do cognitive escape probabilities follow
Kramers’ law?

Empirical

Do recovery trajectories follow exponential
decay?

Empirical

Is R equivalent to negative free energy? Formalization

Can C be derived from network topology? Formalization

Do κ, B, and R scale with system size? Formalization

Does an optimal B exist? Empirical

How do κ, B, and R interact? Formalization

10. Conclusion
The attractor framework is now formally defined:

Element Definition

State space X(t)∈RnX(t)∈Rn

Dynamics X˙=−∇V(X)+η+EX˙=−∇V(X)+η+E

Potential
V(X)=12c∥X−X∗∥2+B1+e−α∥X−X∗∥2V(X)=21

c∥X−X∗∥2+1+e−α∥X−X∗∥2B​ (illustrative ansatz)

Derived: κ κ=−λmax(−∇2V(X∗))κ=−λmax​(−∇2V(X∗))

Derived: B B=min⁡X∈∂BV(X)−V(X∗)B=minX∈∂B​V(X)−V(X∗)

Derived: R R=−E[log⁡p(y∣X)]R=−E[logp(y∣X)]

Open: C Emerging from network topology



The framework generates testable predictions and is ready for
empirical validation.

The  next  step  is  computational  validation:  simulate  the
dynamics, recover κ and B, demonstrate Kramers’ escape, and
show recovery trajectories. Then move to human experiments.
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Abstract
The attractor framework provides a vocabulary for diagnosing
the  dynamical  properties  of  systems—their  error  correction
capacity  (κ),  their  perturbation  resistance  (B),  their
coordination capacity (C), and their reality alignment (R).
This paper proposes a research protocol for applying that
vocabulary  to  institutional  and  civilizational  scales.  It
introduces a four-dimensional framework distinguishing these
variables,  operationalizes  them  using  candidate
observables—policy  correction  rates,  scientific  retraction
rates,  institutional  durability,  identity  persistence,
institutional trust, and scientific acceptance—and outlines a
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research protocol for testing hypotheses about civilizational
dynamics. The paper applies the framework provisionally to
case studies, including the Meiji Restoration, the Genesis 1
flat-earth cosmology, and Western responses to Asia’s rise. It
concludes that the framework generates testable predictions
about institutional and civilizational adaptation, but that
all claims are provisional pending empirical validation.

All claims are hypotheses, not conclusions. The framework is
applied heuristically, not diagnostically.

1. Introduction
The attractor framework has been applied to physics, biology,
cognition, and AI. This paper extends it to civilizational
dynamics. It does not claim that civilizations are organisms
or that the framework has been validated at this scale. It
proposes  a  research  protocol  and  generates  hypotheses  for
empirical testing.

The central hypothesis is:

Western and East Asian civilizational traditions may occupy
different  attractor  basins,  with  the  West  potentially
exhibiting lower error correction capacity (κ) and higher
perturbation resistance (B) than Taoist-Confucian-influenced
East Asian traditions.

This  is  a  hypothesis,  not  a  conclusion.  It  requires
operationalization,  measurement,  and  falsification.

A  note  on  the  framework’s  physicalist  commitment:  The
attractor framework adopts a physicalist ontology: to be real
is to be able to interact, and to interact is to share at
least one interaction channel (energy, momentum, gauge charge,



spacetime, or any measurable coupling). Claims that define
themselves as having no such channels are fantasy attractors:
structurally  sealed  against  correction  by  permanent  non-
verifiability (see Galida, 2026f). This paper extends that
diagnostic  logic  from  individual  beliefs  to  civilizational
self-images—but  always  as  a  hypothesis,  never  as  an
established  conclusion.

2. The Framework Variables: A Four-
Dimensional State Space
The attractor framework’s normative ideal is high κ + high B +
high C + high R—a system that corrects errors efficiently,
resists  perturbation,  coordinates  collective  action,  and
aligns with reality.

Variable Definition High Value Low Value

κ (error
correction
capacity)

The rate at
which a system
detects and

corrects errors
in its models

Learns from
mistakes,
updates
beliefs

Repeats
errors,
resists
updating

B (perturbation
resistance)

The energy
barrier required

to induce a
durable state
transition

Stable,
coherent,
retains
identity

Shallow,
unstable,
easily

perturbed

C (coordination
capacity)

The ability of a
system to
coordinate
collective
action

Cohesive,
effective

Fragmented,
ineffective



Variable Definition High Value Low Value

R (reality
alignment)

The degree to
which a system’s

models
correspond to
empirical
reality

Accurate
models

Delusional
models

Crucially,  κ  is  not  change  rate.  It  is  error  correction
rate. A system can change constantly and still be irrational
(high change, low κ). A system can appear conservative and
still possess extremely high κ because correction occurs when
evidence accumulates (low change rate, high κ).

The Four Outcomes
Combination κ B Outcome Examples

Stable
adaptive

High High
The ideal—corrects
errors, maintains

coherence

Scientific
communities,

healthy
individuals,
functioning
democracies

Brittle
adaptive

High Low
Corrects errors but
unstable—no memory,

no coherence

Chaotic
organizations,
fad-followers

Stable
rigid

Low High
Resists

correction—dogmatic,
sealed

Fantasy
attractors,

fundamentalism

Fragile
rigid

Low Low
Unstable and
unresponsive

Failed states,
collapsed

institutions

The Fantasy Attractor Defined
A fantasy attractor is not simply a low-κ system. It is:



A  system  with  low  R  (reality  alignment)  combined  with
mechanisms that prevent R from increasing.

This definition is more powerful than the earlier “low κ +
high B” formulation because it explains why some low-κ systems
are not fantasy attractors (e.g., a conservative scientific
community that is low-κ in the short term but high-R in the
long  term).  It  also  explains  why  some  high-κ  systems  are
fantasy attractors (e.g., conspiracy communities that change
constantly but never converge on reality).

3. Operationalizing κ, B, C, and R

3.1  Candidate  Proxies  for  κ  (Error
Correction Capacity)

Proxy Description Data Source

Policy
correction rate

How quickly does a
society correct
failed policies?

Comparative Agendas
Project, legislative

archives

Scientific
retraction rate

How readily does a
field retract false

findings?

Retraction databases,
replication studies

Error detection
capacity

How effectively does
a system identify its

own errors?

Institutional review
mechanisms, ombudsman

data
Falsification: If societies scoring high on these proxies do
not show improved outcomes over time, the mapping fails.

3.2 Candidate Proxies for B (Perturbation



Resistance)
Proxy Description Data Source

Institutional
durability

How long do
institutions
persist under
pressure?

Historical duration
data, institutional

survival rates

Constitutional
stability

How resistant is
the foundational

framework to
change?

Constitutional
amendment difficulty,
legal entrenchment

Identity
persistence

How stable is
collective identity

over time?

National identity
surveys, historical
continuity measures

Falsification: If systems with high values on these indicators
nonetheless  show  high  adaptability  without  collapse,  the
mapping needs refinement.

3.3 Candidate Proxies for C (Coordination
Capacity)

Proxy Description Data Source

Institutional
trust

Public confidence in
institutions

World Values Survey,
trust indices

Collective action
capacity

Ability to mobilize
resources

State capacity
indices, tax-to-GDP

ratios

Social cohesion
Degree of social

integration

Social capital
indices, inequality

measures

3.4  Candidate  Proxies  for  R  (Reality



Alignment)
Proxy Description Data Source

Scientific
acceptance

Public acceptance of
scientific consensus

Evolution acceptance,
climate change belief

Historical
accuracy

Acknowledgment of
historical facts

Content analysis of
textbooks

Empirical
openness

Willingness to revise
beliefs in light of

evidence

Survey measures of
epistemic openness

Predictive
accuracy

How well do models
predict outcomes?

Forecast accuracy,
planning

effectiveness

3.5 Testing the Latent Structure
The framework assumes that these indicators load onto shared
latent variables (κ, B, C, R). This assumption must be tested
using:

Exploratory  factor  analysis  to  see  whether  the
indicators group as predicted
Confirmatory factor analysis to test the hypothesized
factor structure
Cross-validation across different cultural contexts

Falsification:  If  the  indicators  do  not  load  onto  the
predicted latent variables, the framework’s operationalization
fails.



4.  Institutions  First,
Civilizations Second
“The West” and “The East” are not coherent dynamical entities.
Medieval Spain, Puritan New England, contemporary Sweden, and
Renaissance Florence may have radically different κ, B, C, and
R values. Likewise, Tokugawa Japan, Maoist China, Singapore,
and contemporary South Korea are not obviously members of one
attractor.

Treatment:  The  framework  is  better  applied
to  institutions  (universities,  bureaucracies,  religions,
states,  scientific  communities)  than  to  civilizations  as
wholes.  Case  studies  should  specify  time  periods  and
institutional  contexts.

Institution κ B C R

Imperial examination bureaucracy ? ? ? ?

Catholic Church (1200) ? ? ? ?

Royal Society (1700) ? ? ? ?

CCP bureaucracy (1985) ? ? ? ?

Silicon Valley startup ecosystem ? ? ? ?
These  are  actual  dynamical  systems.  Civilizations  are
aggregates.  The  framework  becomes  more  falsifiable  when
applied to institutions first.

5. Hypotheses for Empirical Testing

5.1  The  West/East  Hypothesis
(Institutional Form)
Hypothesis:  Taoist-Confucian-influenced  institutions  exhibit



higher κ and higher R than Western institutions.

Test:  Compare  institutions  (universities,  bureaucracies,
scientific communities) across cultural contexts.

Falsification: If Western institutions show higher κ or higher
R, the hypothesis fails.

5.2 The Meiji Challenge Hypothesis
Competing hypothesis: High κ emerges from elite willingness to
revise institutional models under external pressure, rather
than from cultural tradition.

Test:  Compare  Meiji  Japan  with  Peter  the  Great’s  Russia,
Atatürk’s Turkey, and Deng’s China.

Falsification:  If  high  κ  episodes  occur  without  external
pressure, the competing hypothesis fails.

5.3 The Genesis Hypothesis
Hypothesis: Foundational narratives become identity-protected
when tied to group cohesion.

Test:  Compare  response  to  evidence  across  different
foundational  narratives  (Genesis,  Marxism,  nationalism,
revolutionary myths).

Falsification: If some foundational narratives show high κ and
high R, the hypothesis needs refinement.

5.4 The Social Enforcement Hypothesis
Hypothesis:  The  cost  of  rejecting  a  dominant
attractor—exclusion,  censure,  hostility—is  high  enough  to
prevent most people from leaving the basin.

Test:  Qualitative  and  quantitative  studies  of  independent
researchers, religious doubters, and political dissenters.



Falsification: If the social cost of rejection is low, the
hypothesis fails.

5.5 The Escape Hypothesis
Hypothesis:  Deep  attractors  often  require  unusually  large
perturbations to reorganize.

Test:  Historical  analysis  of  civilizational  transformations
(Roman Empire, Mayan civilization, Japan’s Meiji Restoration,
China’s Reform and Opening).

Falsification: If civilizations escape deep attractors without
large perturbations, the hypothesis fails.

6. Case Studies (Provisional)

6.1 The Meiji Restoration: High κ Under
External Pressure
Japan’s Meiji Restoration (1868) is a case study in high κ: a
deliberate,  rapid  shift  toward  pragmatism  and  adoption  of
foreign ideas. However, Meiji was not particularly Taoist. It
was  hyper-modernizing,  militarizing,  industrializing,  and
centralizing.

Competing hypothesis: High κ emerged from existential threat
(Perry’s  arrival)  combined  with  elite  flexibility.  This
mechanism  appears  elsewhere:  Peter  the  Great’s  Russia,
Atatürk’s Turkey, Deng’s China.

Implication:  Taoism  may  be  secondary  to  elite  flexibility
under external pressure.



6.2 The West’s Response to Asia’s Rise
The West’s response to Asia’s rise—demonization, containment,
resistance to learning—is consistent with fantasy attractor
dynamics. However, this is a hypothesis, not a conclusion.

Counterexample: The West has also adopted Asian technologies
and business practices. This suggests that κ may be higher in
some domains (technology) than others (identity).

6.3 Genesis 1 as a Case Study
The  West’s  refusal  to  acknowledge  Genesis  1’s  flat-earth
cosmology  is  a  case  study  in  identity-protective  sealing.
However, it is one example among many.

Broader  framing:  Foundational  narratives—whether  religious,
national,  revolutionary,  or  ideological—become  identity-
protected when tied to group cohesion. Genesis is one example.
Marxism, nationalism, revolutionary myths, imperial myths, and
anti-colonial myths are others.

7. How This Maps to Taoism
Taoist Concept Attractor Interpretation

Wu wei (non-action)
High κ—respond appropriately to the

situation

Ziran (naturalness)
High R—align with the way things actually

are

The Tao
The constraint field—the attractor

landscape itself

Te (virtue) High B—maintain integrity while flowing

The sage High κ + high B + high R—the ideal
A crucial clarification: Taoism is treated as an inspiration



for the model, not as evidence that the model is true. The
empirical version is:

Taoism predicts certain dynamical properties. We can test
whether systems influenced by Taoist ideas actually exhibit
those properties.

This preserves falsifiability and avoids circularity.

8. What This Paper Does Not Claim

Claim
Not

Claimed

The West is definitively low-κ ✅

The East is definitively high-κ ✅

Genesis 1 is the sole sealing mechanism ✅

Taoism is evidence for the framework ✅

All Western institutions are rigid ✅

All Eastern institutions are adaptive ✅

The framework has been validated at civilizational
scale

✅

Civilizations are organisms ✅

High change rate = high κ ✅

9.  Research  Protocol  and
Methodology



9.1 Data Sources

Political freedom indices (Freedom House, Polity)
Innovation  and  education  indices  (Global  Innovation
Index, PISA)
Survey data on belief systems (World Values Survey)
Historical  texts  and  news  archives  for  qualitative
analysis

9.2 Variables and Measurement
Variable Proxy Measurement

κ (error
correction)

Policy correction
rate

Count failed policies
corrected

κ (error
correction)

Scientific
retraction rate

Retraction databases

κ (error
correction)

Error detection
capacity

Institutional review
mechanisms

B (perturbation
resistance)

Institutional
durability

Historical duration
data

B (perturbation
resistance)

Constitutional
stability

Amendment difficulty

B (perturbation
resistance)

Identity persistence
Historical continuity

measures

C Institutional trust World Values Survey

C
Collective action

capacity
State capacity

indices

R
Scientific
acceptance

Evolution acceptance,
climate change belief

R Historical accuracy
Content analysis of

textbooks

R Predictive accuracy Forecast accuracy



9.3 Statistical Analysis

Exploratory factor analysis to see whether indicators
group as predicted
Confirmatory factor analysis to test the hypothesized
factor structure
Cross-validation across different cultural contexts
Longitudinal analysis to track changes over time

9.4 Falsification Criteria
For each hypothesis, define outcomes that would disprove it.
For example, if Western institutions score higher on error
correction  capacity  than  Eastern  ones,  reject  the
corresponding  hypothesis.

10. Conclusion
The attractor framework generates testable hypotheses about
institutional  and  civilizational  dynamics.  The  central
hypothesis  is  that  Western  and  East  Asian  civilizational
traditions may occupy different attractor basins, with the
West potentially exhibiting lower error correction capacity
(κ)  and  higher  perturbation  resistance  (B)  than  Taoist-
Confucian-influenced East Asian traditions.

Crucially, the framework’s normative ideal is high κ + high B
+ high C + high R. The fantasy attractor is not simply low κ.
It is low R combined with mechanisms that prevent R from
increasing.

The research protocol outlined in this paper provides a path
for empirical testing. Until that testing is complete, all
claims are provisional.



The paper does not claim that the West is definitively a
fantasy attractor. It claims that the framework generates the
hypothesis  that  the  West  may  exhibit  characteristics
consistent with a fantasy attractor—and that this hypothesis
is testable.
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The  Pre‑tensioned  Body:  A
Hypothesis  Paper  Grounding
the  Attractor  Framework  in
ECM Mechanics [M] [F] (2026)
Robert Galida – June 2026

Abstract
The  attractor  framework  proposes  that  persistence  under
perturbation is the fundamental mark of reality—a property it
terms constraint navigation. This paper proposes a biological
grounding for the framework in the physical architecture of
the body. From established biomechanical principles, the body
is  identified  as  a  pre‑tensioned  hydrophilic‑collagenous
composite—a system where osmotic swelling pressure (from GAGs
and proteoglycans) is actively constrained by collagen tensile
strength. The difference between the calculated Water Holding
Capacity (WHC) of the body’s hydrophilic components and its
actual water content is proposed as a candidate surrogate
signature of this pre‑tensioned state. Mechanotransduction is
identified as a primary intercellular communication channel,
and the ECM is shown to be a dissipative attractor that stores
mechanical history and shapes cellular behaviour. The paper
maps the attractor framework’s core variables (κ, B, basin
depth) onto measurable physiological quantities as research

https://fantasyattractor.com/the-pre-tensioned-body-a-hypothesis-paper-grounding-the-attractor-framework-in-ecm-mechanics-m-f-2026-robert-galida-june-2026/
https://fantasyattractor.com/the-pre-tensioned-body-a-hypothesis-paper-grounding-the-attractor-framework-in-ecm-mechanics-m-f-2026-robert-galida-june-2026/
https://fantasyattractor.com/the-pre-tensioned-body-a-hypothesis-paper-grounding-the-attractor-framework-in-ecm-mechanics-m-f-2026-robert-galida-june-2026/
https://fantasyattractor.com/the-pre-tensioned-body-a-hypothesis-paper-grounding-the-attractor-framework-in-ecm-mechanics-m-f-2026-robert-galida-june-2026/
https://fantasyattractor.com/the-pre-tensioned-body-a-hypothesis-paper-grounding-the-attractor-framework-in-ecm-mechanics-m-f-2026-robert-galida-june-2026/


hypotheses: κ is proposed as a latent variable reflecting
perturbation-recovery  efficiency,  estimated  from  candidate
observables  such  as  tissue  recoil  time,  baroreflex
sensitivity, and HRV recovery; B is proposed as a function of
prestress, repair capacity, and network connectivity, with the
WHC discrepancy as one candidate, non-exclusive proxy for its
prestress component; and basin transitions are proposed to
correspond to crossing basin-specific thresholds, not a single
uniform threshold. A research agenda is provided, including
protocols for measuring κ and B non‑invasively and testing the
WHC‑water content discrepancy as a candidate metric of basin
depth.

Crucially,  this  paper  does  not  revise  the  framework’s
ontological hierarchy. As established in Intelligence is the
Primitive  (Galida,  2026a),  the  primitive  is  constraint
navigation—the  capacity  to  detect  perturbations,  update
internal  states,  and  maintain  persistent  trajectories.
Mechanotransduction  is  proposed  as  the  physical
substrate through which constraint navigation is implemented
in biological systems. The nervous system and the ECM are
complementary regulatory layers, not competing primitives.

All  mappings  from  physiological  variables  to  framework
constructs  are  proposed  as  research  hypotheses,  not
established  conclusions.

1. Introduction
The attractor framework defines intelligence as the ability to
navigate  a  constraint  field  and  distinguishes  reality
attractors (high κ, shallow basin, corrigible) from fantasy
attractors (low κ, deep basin, sealed). The framework has been
applied  to  physics,  biology,  cognition,  AI,  and  social
dynamics. However, its physical grounding in the body has



remained implicit.

This  paper  proposes  that  grounding.  It  begins  with  an
established biomechanical model of the body’s architecture:
a  pre‑tensioned  hydrophilic‑collagenous  composite.  It  then
proposes mappings from the framework’s core variables onto
measurable  physiological  quantities,  establishes
mechanotransduction as a primary intercellular communication
channel, and identifies the ECM as a dissipative attractor
that stores mechanical history. The paper concludes with a
research agenda and testable predictions.

A note on terminology: In the attractor framework’s hierarchy,
the  primitive  is  constraint  navigation—a  domain-general
property  of  any  system  that  detects  perturbations  and
maintains  persistent  trajectories.  Mechanotransduction  is
proposed as the physical substrate through which constraint
navigation is implemented in biological tissues. This paper
proposes  that  substrate;  it  does  not  claim  that
mechanotransduction  is  a  deeper  primitive  than  constraint
navigation.  For  the  framework’s  ontological  hierarchy,  see
Galida (2026a).

A note on scope: All mappings from physiological variables
(prestress,  mechanotransduction  rate,  WHC  discrepancy)  to
framework  constructs  (B,  κ,  basin  depth)  are  proposed
as  research  hypotheses,  not  established  conclusions.  The
biological claims are grounded in existing literature; the
attractor mappings are the novel, untested component of this
paper.

A note on the framework’s strongest anchor: The framework’s
most  direct  empirical  anchor  is  fibrosis,  which  exhibits
classic attractor properties: self-reinforcement, hysteresis,
path  dependence,  resistance  to  reversal,  and  threshold
behavior.  Fibrosis  is  therefore  treated  as  a  central
demonstration of the framework’s applicability to biological
systems.



This paper is primarily a biological hypothesis paper. It
proposes  specific  mappings  from  physiological  variables  to
attractor-framework  constructs.  The  broader  philosophical
claims  of  the  attractor  framework—about  intelligence,
consciousness,  and  reality—are  discussed  elsewhere  (see
Galida, 2026a) and are not the focus of this paper. Where
speculative extensions are made, they are clearly flagged.

2.  The  Body  as  a  Pre‑tensioned
System

2.1 The Established Biomechanical Model
We adopt the established biomechanical model of connective
tissue as a composite material (Ingber’s cellular tensegrity;
Donnan osmotic swelling models). In this model:

Component Role

Hydrophilic
components (GAGs,
proteoglycans)

Provide osmotic swelling pressure – a
distributed, expansive force

Collagen

Provides tensile strength – the “rebar”
that constrains the swelling pressure

into a coherent, load‑bearing
architecture

The body

A pre‑stressed system – like reinforced
concrete, where the rebar (collagen) is
under tension and the matrix (GAGs) is

under compression
This is not a novel derivation from first principles; it is a
reformulation  of  standard  connective-tissue  biomechanics  in
attractor-framework vocabulary.



2.2 The WHC‑Water Content Discrepancy
The calculated Water Holding Capacity (WHC) of the body’s
hydrophilic components—the maximum water the tissue could hold
if  all  GAGs  and  proteoglycans  were  fully  hydrated  and
unrestricted—exceeds the actual water content. This difference
is  proposed  as  a  candidate  surrogate  signature  of  the
pre‑tensioned state. It represents the water that is being
held back by the collagen network—the stored elastic + osmotic
energy that defines the attractor basin.

Quantity Meaning

Calculated WHC
The maximum water the tissue could hold

under unrestricted swelling

Actual water
content

The water the tissue actually contains

Difference
The water held back by collagen—a
candidate surrogate for pre‑tension

Operational  definition:  WHC  is  estimated  via  the  Donnan
equilibrium  osmotic
pressure:Π=RT∑(Cion,inside−Cion,outside)Π=RT∑(Cion,inside
−Cion,outside​)

where CionCion​ is determined by the fixed negative charge
density of the GAGs. The WHC is the water content predicted
under unconstrained free‑swelling conditions. The discrepancy
with  measured  water  content  is  therefore  a  candidate
surrogate for the mechanical work done by the collagen network
to constrain this swelling.

Critical  limitation:  WHC  discrepancy  is  a  model‑derived
construct, not a direct observable. Its validity as a measure
of prestress must be confirmed ex vivo by correlating the
discrepancy  with  direct  tensile/compressive  stress‑strain
measurements. We treat it as a candidate surrogate marker for
prestress, not as prestress itself.



WHC  discrepancy  is  one  candidate  observable  among  several
possible prestress proxies. Other candidates include tissue
stiffness  (measured  by  elastography),  recoil  dynamics
(measured by indentation), hydraulic permeability (measured by
perfusion),  and  poroelastic  relaxation  time  (measured  by
stress-relaxation tests). We do not claim WHC discrepancy is
the preferred or exclusive measure; it is one candidate that
warrants investigation.

Importantly,  the  relationship  between  WHC  discrepancy  and
prestress is unlikely to be unique. Multiple states—edema,
fibrosis,  dehydration,  inflammation,  altered  ionic
composition, and altered GAG composition—could produce similar
WHC-water  discrepancies  without  representing  the  same
prestress state. Prestress may be one contributor to the WHC
discrepancy, but the relationship is unlikely to be one-to-
one.  WHC  discrepancy  is  proposed  as  a  starting  point  for
investigation, not as a definitive measure.

2.3 The Functional Role of Pre‑tension
At the scale of a whole organism, slow diffusion is solved by
the  cardiovascular  system  (convective  bulk  flow).  However,
once oxygen and nutrients leave the capillary bed, they must
traverse the interstitial space to reach individual cells.
Over distances of micrometers to millimeters, pure diffusion
remains rate‑limiting. The pre‑tensioned ECM contributes to
pressure gradients, fluid flow, and mechanical mixing that
actively transport solutes through the interstitium. It is one
of  several  contributors,  alongside  vascular  pulsatility,
lymphatic  drainage,  muscle  contraction,  respiration,  and
posture.

We  propose  that  prestress  is  necessary  for  efficient
mechanotransduction, but we do not claim it is the dominant
driver of interstitial flow.



Problem Pre‑tensioned Contribution

Diffusion is too slow
over tissue‑scale

distances

The pre‑stressed ECM contributes
to pressure gradients, fluid flow,

and mechanical mixing

Nutrients must reach
cells deep within

tissues

Osmotic pressure generated by GAGs
contributes to interstitial fluid

flow

Waste must be removed
efficiently

Mechanical deformation acts as
a pump, driving convection and mixing

Signalling molecules
must propagate rapidly

Mechanotransduction transmits signals
faster than diffusion alone

3. Pre‑tension as Stored Constraint
History
The connective‑tissue matrix carries a record of mechanical
loading. Collagen fibers, proteoglycans, and crosslinks retain
the geometry and tension that arose during development or past
stresses.  In  effect,  a  pre‑stressed  ECM  stores  constraint
history: cells continually read and update it. Cells respond
to physical stimuli from their microenvironment, including ECM
topography, composition, and stiffness (Discher et al., 2005;
Engler et al., 2006), and remodel the matrix accordingly. The
current  structure  of  the  ECM—fiber  alignment,  crosslink
density, hydration patterns—encodes prior mechanical history.

“Constraint  history”  is  more  precise  than  “mechanical
memory”  because  it  refers  to  observable  physical
properties—fiber  alignment,  crosslink  density,  residual
strain,  anisotropy,  and  tissue  architecture—rather  than
implying information storage in the cognitive or computational
sense.

Hypothesis: Regions of ECM with higher collagen alignment or



GAG concentration will correlate with the history of applied
stress. Tendons remold to past loading, and scars “remember”
tension by oriented fibers.

Experiment:  Culture  fibroblasts  on  3D  collagen  gels  under
strain, then release the load and track collagen realignment
over  days.  If  the  matrix  “remembers,”  the  network  should
remain partly aligned, and fibroblasts on this matrix will
show  different  mechanosignaling  (e.g.,  YAP  nuclear
localization)  compared  to  naïve  gels.

4.  Pre‑tension  and  Free  Energy
Storage
A pre‑tensed ECM is a far‑from‑equilibrium state that requires
energy to maintain. More precisely, it stores free energy in
the form of osmotic pressure (from GAGs) and tensile stress
(from  collagen).  Negatively  charged  GAGs  imbibe  water  and
generate osmotic pressure; collagen fibers stretch to resist
this swelling, creating tensional prestress. The result is a
tension–compression balance that is thermodynamically high in
free  energy.  When  pre‑tension  is  lost  (e.g.,  by  breaking
crosslinks  or  GAG  depletion),  the  system  relaxes  to  a
lower‑energy,  higher‑entropy  configuration.

Hypothesis: The water‑holding capacity (WHC) gradient creates
a free‑energy gradient. A large WHC–actual water discrepancy
(more bound water than free water) signifies a high osmotic
tension and greater free energy storage.

Experiment: Use temperature ramps or chemical perturbations to
alter ECM hydration in vitro, and measure work done (e.g.,
pressure‑volume loops). Compare the change in free energy (via
heat release or sorption isotherms) as pre‑tension is varied.



5. Thresholds and Phase Transitions
in Pre‑tension
Biological systems may exhibit a critical tension threshold
below which mechanosignaling collapses. In a highly tensioned
network, cells easily sense force via stretched fibers; if the
network becomes too lax, mechanical signals dissipate before
triggering  cell  responses.  There  may  be  a  phase‑like
transition: above a certain pre‑tension, the tissue acts as a
coherent  signal‑transmitting  medium;  below  it,  the  matrix
cannot convey stiffness and mechanosensors fall silent.

Basin  depth  B  is  a  dynamical  concept—the  energy  barrier
required  to  shift  a  system  from  one  attractor  state  to
another. Prestress is hypothesized to be one contributor to
basin depth, not a direct measure of basin depth itself. Other
contributors  include  repair  capacity,  energy  availability,
network  connectivity,  and  hysteresis.  Fibrosis  illustrates
this  distinction:  high  prestress  with  low  repair  capacity
yields a deep but pathological basin—a fantasy attractor.

κ  is  defined  as  responsiveness  to  perturbation  per  unit
time—specifically, the inverse of the time (τ) required for a
system  to  return  to  baseline  after  a  standardized
perturbation.  In  biological  terms,  κ  is  operationalized
as  perturbation-to-state-update  efficiency.  Candidate
observables  include  tissue  recoil  time,  baroreflex
sensitivity,  HRV  recovery,  and  response  latency  in
mechanosensitive signaling. The framework does not claim that
any one of these is κ; it claims that they may correlate with
κ under controlled conditions.

Hypothesis: There exists a tipping point in ECM tension where
YAP/TAZ signaling drops sharply.



Experiment: Gradually digest collagen or GAGs in a tissue
sample  (using  collagenase  or  hyaluronidase)  and  monitor
cellular  mechanosignaling  (e.g.,  YAP  nuclear  localization,
calcium spikes). Plot signaling versus residual ECM stiffness
to identify any sharp transition.

6. Restoring Lost Pre‑tension (ECM
Plasticity)
The  pre‑tensioned  state  can  be  partially  restored.  Tissue
remodeling is dynamic: fibroblasts and other cells continually
synthesize  new  ECM  and  restore  tension  when  stimulated.
Exercise  and  mechanical  loading  promote  this  repair.
Mechanistically,  loading  stimulates  fibroblasts  and
chondrocytes  to  secrete  collagen  and  hyaluronan,
re‑establishing  the  collagen–GAG  tension  balance.  Early
interventions seem most effective; once fibrosis (irreversible
scarring) dominates, recovery is very slow.

Hypothesis:  Moderate  mechanical  stimuli  (stretching,  cyclic
loading) can induce cells to rebuild ECM prestress.

Experiment: In an animal model, apply controlled mechanical
loading  (e.g.,  vibration  therapy  or  intermittent  stretch)
after  an  induced  ECM  insult  (e.g.,  partial  tendon  cut).
Monitor  ECM  markers  (collagen  I/III  ratios,  GAG  content,
tissue preload) over time. Compare to unloaded controls to see
how much pre‑tension is regained.



7.  The  Nervous  System  as  a
Mechanosensitive Overlay
Mechanosensitivity  is  universal  in  biology.  All  cells,
including neurons, express mechanosensitive ion channels and
attachments. The nervous system is best seen as a specialized
extension  of  the  general  mechanotransductive  framework.  It
aggregates  and  rapidly  transmits  information  that  is
ultimately  grounded  in  physical  forces.  The  body’s
collagen/tissue network provides a basal “mechanical field,”
while the nervous system provides a faster, signal‑amplified
overlay.

Mechanosensitive channels (MSCs) are present in all domains of
life—bacteria, archaea, and eukarya—and serve as sensors for
touch, hearing, and balance (Martinac, 2004).

8.  Consciousness  and  Whole‑Body
Mechanotransduction  —  Speculative
Implications
If  mechanotransduction  is  foundational  to  biological
intelligence, consciousness may not be confined to the brain
alone. Embodied cognition theories suggest the sense of self
arises  from  integrated  body  signals  (proprioception,
interoception, etc.). The pre‑tensioned ECM constantly feeds
mechanical inputs (from heartbeat, posture, respiration) into
the  nervous  system.  The  sense  of  self—the  unified  bodily
experience—could  emerge  from  the  pattern  of  tension  and
feedback in the entire body.

Note: This is a speculative extension of the framework, not an
established finding. The hypothesis is included to provoke



investigation, not to assert a conclusion.

The  hypothesis  generates  specific  predictions:  altered
interoceptive  accuracy,  altered  mechanosensory  integration,
and altered body-schema stability should correlate with ECM
integrity. These predictions are testable, but the hypothesis
itself remains speculative.

Hypothesis:  Disorders  of  depersonalisation  or  sensorimotor
neuropathy may be associated with altered ECM pre‑tension and
disrupted whole‑body mechanotransduction.

9.  Anaesthesia  and  Mechanical
Coherence  —  Speculative
Implications
General anaesthetics profoundly relax muscle tone and reduce
vascular  tone,  collapsing  pre‑tension  throughout  the  body.
This may contribute to loss of consciousness, but the primary
mechanism  is  almost  certainly  CNS  disruption  (GABA-A
potentiation,  thalamocortical  disruption).  We  propose  that
mechanical coherence may modulate conscious state transitions
rather than being the principal mechanism.

Note: The mainstream account of anaesthesia attributes loss of
consciousness primarily to direct CNS effects. The mechanical
effects  described  here  are  a  speculative,  minority-view
hypothesis.

Implication: Anaesthesia may not be only neural silencing; it
also  flattens  the  body’s  mechanical  context.  This  could
provide  a  new  perspective  on  anaesthesia  depth  and  the
transition to unconsciousness—but this remains speculative and
secondary to the CNS mechanism.



10. ECM and Neural Plasticity
The brain’s extracellular matrix (ECM) is a key regulator of
plasticity. In the adult central nervous system, dense ECM
structures  (like  perineuronal  nets)  enwrap  neurons  and
stabilize synaptic connections. This stabilization preserves
circuitry, but must be relaxed for learning. Neural plasticity
is  enabled  by  remodeling  that  ECM  scaffold.  Specialised
proteases (MMPs) locally degrade ECM to allow synaptic growth.
Disrupting ECM often reopens critical periods of plasticity.

The extracellular matrix stabilizes neural circuits while also
retaining the ability to be remodeled, to allow synapses to be
plastic (Dityatev et al., 2010).

Hypothesis:  ECM  stiffness,  hydration,  and  organisation
directly modulate learning and memory.

11.  ECM  in  Morphogenesis  and
Development
During embryonic development, the ECM’s mechanical properties
actively guide tissue shaping. Cells use mechanosensation and
mechanotransduction at every step of morphogenesis. Gradients
of ECM stiffness, fiber orientation, and adhesion create a
dynamic “morphogenetic field” of forces. This field adds an
instructive layer on top of chemical morphogens.

The  ability  of  a  cell  to  sense  and  transduce  mechanical
signals  is  fundamental  to  biophysically  guiding  tissue
morphogenesis (Mammoto et al., 2013).



The old idea of a morphogenetic field can be reinterpreted as
the physical field of stress and strain in the ECM.

12. Reprogramming the ECM
Because the ECM retains mechanical history, it can also be
re‑programmed  by  new  inputs.  Chronic  mechanical
stimulation—like  exercise,  therapeutic  stretching,  or
localized  vibration—has  been  shown  to  remodel  collagen
networks and GAG content. The extent of reversibility likely
diminishes with age and chronic pathology, but in principle
the ECM can be “trained” to a more functional state.

Experiment:  Compare  young  vs  old  animals  subjected  to
identical mechanical therapy, measuring ECM markers (collagen
crosslinking,  HA  content)  before  and  after.  Check  if
plasticity (“responsiveness”) declines with age or disease.

13.  Evolutionary  Origins:  Ancient
Mechanotransduction
Mechanotransduction  is  evolutionarily  ancient.
Mechanosensitive  channels  and  adhesion  complexes  exist  in
bacteria,  plants,  fungi  and  all  animals.  Even  simple
multicellular organisms coordinate behaviour via tension. The
nervous  system  likely  evolved  by  layering  fast  electrical
signaling on this existing mechanosensory scaffold.

Implication:  Mechanical  communication  predated  nervous
networks. The nervous system is a specialised overlay on a
more primitive, more global system.



14. Fibrosis as a Fantasy Attractor
In fibrosis, the ECM enters a self‑reinforcing rigid state.
Activated fibroblasts lay down excess collagen and crosslinks.
The  stiff  matrix  further  activates  profibrotic  signals,
locking  the  tissue  into  a  pathological  attractor.  Normal
mechanotransduction amplifies the fibrotic feedback. Treating
fibrosis is notoriously hard, consistent with escaping a deep
attractor.

Fibrosis  is  a  classic  attractor  phenomenon:  self-
reinforcement, hysteresis, path dependence, and resistance to
reversal. It demonstrates the core dynamical properties of a
fantasy attractor more directly than many of the consciousness
sections. It is therefore treated as a central demonstration
of the framework’s applicability to biological systems.

Hypothesis: Fibrosis can be modelled as a dynamic system with
a parameter (stiffness) that, when large, flips cell behavior
to a new attractor.

Experiment: In vitro 3D cultures where stiffness is slowly
increased and cell markers monitored.

15. Cancer and ECM Degradation
Tumours often destroy or disorganise the ECM. Cancer cells
secrete  proteases  (MMPs)  that  digest  collagen  and
proteoglycans,  releasing  embedded  growth  factors.  This
degraded, low‑tension environment may let cells escape normal
constraints. ECM breakdown can free tumour cells from their
normal niche attractors, allowing invasion and metastasis.



Implication:  Normal  ECM  architecture  constrains  cellular
behavior  and  tissue  organization;  disruption  of  those
constraints is frequently associated with tumor progression.

16. Ageing as ECM Failure
Ageing  appears  as  a  gradual  failure  of  ECM  maintenance.
Collagen becomes glycated and cross‑linked, stiffening tissues
but  reducing  dynamic  range.  GAG  and  proteoglycan  levels
decline, reducing water content and osmotic pre‑tension. The
net effect is loss of the coherent tension network. Cells in
old  ECM  lose  coherent  mechanosignals,  and  stem  cells  in
fibrotic niches lose potency.

Evidence: Ageing of the intervertebral disc is associated with
a decrease in its hydration, which increases the compressive
stiffness  of  the  matrix  (Maroudas  et  al.,  1975).  Similar
water-content  changes  occur  in  articular  cartilage  with
osteoarthritic degeneration (Mankin & Thrasher, 1975).

ECM deterioration may be one important contributor to systemic
ageing,  alongside  genomic  instability,  mitochondrial
dysfunction,  epigenetic  drift,  stem-cell  exhaustion,  and
immune dysregulation. The ECM is not the sole cause of ageing;
it is one layer in a multi-factor process.

17.  The  Heartbeat  as  a  Global
Periodic Perturbation
The  cardiac  pulse  is  a  globally  distributed  periodic
perturbation. Every cell experiences some aspect of it. The
interesting question is whether biological regulation exploits



the pulse as a synchronization carrier, rather than whether it
is a “master signal.”

Hypothesis: The heartbeat entrains peripheral tissues.

Experiment:  Compare  mechanosensitive  gene  expression  in
pulsatile (arterial) vs non‑pulsatile (venous or lymphatic)
vessels under otherwise similar pressures.

Implication: The heartbeat is a global mechanical signal that
all cells can feel—but we do not claim it is a “master” signal
in any hierarchical sense.

18. HRV and ECM Integrity
Healthy  hearts  display  variability  (HRV)  that  reflects
adaptability. High HRV means the system can flexibly modulate
pressure waves—effectively a more adaptable global mechanical
coherence. Low HRV (as in ageing or disease) might mean a
rigid, less coherent pulse.

Critical distinction: HRV is one possible observable among
many,  not  the  privileged  readout  of  κ.  Other  candidate
observables  include  tissue  recoil  time,  baroreflex
sensitivity, and skin turgor recovery. The framework’s claim
is not that HRV is κ, but that HRV may correlate with κ under
controlled  conditions.  This  is  a  hypothesis,  not  an
established  fact.

κ is not a single molecular mechanism. Mechanotransduction
includes ion-channel gating (ms), calcium waves (seconds), YAP
translocation (minutes), transcriptional remodeling (hours),
and  ECM  remodeling  (days).  κ  is  proposed  as  a  latent
variable—a system-level correction coefficient estimated from
recovery trajectories after a standardized perturbation—rather
than  directly  identified  with  any  single  physiological



process. Candidate observables for κ include tissue recoil
time, baroreflex sensitivity, HRV recovery, and skin turgor
recovery.  The  framework  does  not  claim  that  any  one  of
these is κ; it claims that they may correlate with κ under
controlled conditions.

Whole‑body coherence requires both: signal quality (e.g., HRV)
and signal transmission (healthy ECM).

19. The Nervous System and the ECM
as Complementary Regulatory Layers
The nervous system is often thought of as the body’s primary
communication and control network. This is true for rapid,
point-to-point signaling. However, it is not the whole story.

Mechanotransduction  is  evolutionarily  and  developmentally
prior to the nervous system—it appears in all cells, including
bacteria and plants, and preceded the evolution of neural
tissue  by  billions  of  years.  However,  it  is  not  “the
primitive”  in  the  framework’s  ontological  hierarchy.  The
primitive,  as  established  in  Intelligence  is  the
Primitive  (Galida,  2026a),  is  constraint  navigation:  the
capacity  of  a  system  to  detect  perturbations,  update  its
internal state, and maintain persistent trajectories.

Mechanotransduction  is  proposed  as  the  physical
substrate through which constraint navigation is implemented
in biological systems at the tissue level. It is the mechanism
by which cells sense and respond to mechanical forces—forces
that are then integrated into the body’s broader navigational
repertoire.

This distinction is important for two reasons:



It  preserves  the  framework’s  domain-1.
generality.  Constraint  navigation  applies  to  physical
systems  (thermostats,  electrons),  biological  systems
(cells,  organisms),  cognitive  systems  (beliefs,
learning),  and  artificial  systems  (LLMs,  robots).
Mechanotransduction applies only to biological systems.
It clarifies the hierarchy. The hierarchy is established2.
in Galida (2026a) and reproduced here for reference:

Level Description

Primitive

Constraint navigation — the capacity to
detect perturbations, update internal

states, and maintain persistent
trajectories

Biological
intelligence

Constraint navigation implemented in
living systems

Cognitive
intelligence

Constraint navigation involving
representations

Reflective
intelligence

Constraint navigation involving self-
models

Linguistic
intelligence

Constraint navigation involving symbols

In  this  hierarchy,  mechanotransduction  is  proposed  as  the
substrate of biological intelligence—not a separate, deeper
primitive.

What does this mean for the body as a communication network?

The nervous system is a point-to-point system; it does not
reach every cell. Neural conduction is fast (up to ~120 m/s),
but  mechanical  wave  propagation  through  a  pre-tensioned,
hydrated  ECM  is  globally  distributed.
Mechanotransduction—present  in  every  cell—provides
a  complementary  regulatory  layer:  slower  than  the  nervous
system  for  point-to-point  signaling,  but  more  global  and



persistent. The ECM is best understood as a constraint field
and regulatory context rather than a communication network in
the neural sense.

This does not mean the nervous system is “too sparse and too
slow” in any absolute sense. It means that mechanotransduction
and neural signaling are complementary regulatory layers, each
solving different problems:

Layer Speed Reach Function

Mechanotransduction
Slow
(ms to
hours)

Global (all
cells)

Distributed
mechanical
history,

homeostasis

Nervous system
Fast
(ms)

Point-to-point

Rapid
coordination,
conscious
regulation

The heart’s pulse is a global mechanical signal that every
cell  can  feel.  The  nervous  system  is  the  fast,  flexible
overlay  that  can  modulate  this  global  signal.  Whole-body
coherence requires both: a healthy ECM (signal transmission)
and a responsive nervous system (signal modulation).

20.  Imaging  and  Measuring  the
Pre‑tensioned State
Noninvasive imaging of ECM tension and hydration is an active
frontier. Magnetic resonance elastography (MRE) and ultrasound
elastography can map tissue stiffness. MRI can measure water
content and molecular environment via T1ρ and T2 mapping.
Bioimpedance analysis (BIA) offers a simpler approach to gauge
whole‑body fluid compartments.



It is possible to detect changes in collagen, proteoglycan and
water  content—parameters  that  are  associated  with  early
degradative  changes  in  cartilage  (reviewed  in  cartilage
imaging literature).

Proposal:  Combine  modalities  to  estimate  the  WHC–water
discrepancy. Over time, create whole‑body “tension maps.”

21.  Whole‑Body  Coherence  and
Measurement
Whole‑body mechanical coherence might be measured by coupling
between physiological rhythms. Record heart pulse waveforms at
two  distant  sites  and  compute  their  synchronisation.
Alternatively, measure the delay between the ECG R‑wave and a
mechanosensitive event (like a muscle stretch reflex) under
varying postures.

Proposed metric: Develop a “mechanical coherence index” by
measuring how simultaneously tissues stretch or respond to a
controlled perturbation.

22.  WHC‑Water  Content  Discrepancy
as a Candidate Biomarker
The difference between a tissue’s water‑holding capacity (WHC)
and its actual water content is proposed as a candidate health
index. A large discrepancy may indicate lost tension and slack
matrix.

Evidence: Ageing of the intervertebral disc is associated with
a decrease in its hydration, which increases the compressive



stiffness  of  the  matrix  (Maroudas  et  al.,  1975).  Similar
water-content  changes  occur  in  articular  cartilage  with
osteoarthritic degeneration (Mankin & Thrasher, 1975).

Experiment: In a longitudinal cohort, use MRI or ultrasound to
estimate WHC (by T1ρ for GAG) and actual water (by T2 or
bioimpedance) in joints or muscles. Relate the WHC‑water gap
to measures like mobility, bone density, or metabolic health.

Prediction: The gap will widen with age and in connective
tissue diseases (e.g. osteoarthritis, fibrosis), paralleling
functional decline.

23. Conclusion
The body is a pre‑tensioned hydrophilic‑collagenous composite.
The WHC‑water content discrepancy is proposed as a candidate
surrogate signature of this pre‑tensioned state. Pre‑tension
is  not  merely  structural;  it  contributes  to  transport,
mechanotransduction, and tissue organization at biologically
relevant  scales.  Mechanotransduction  is  a  primary
intercellular  communication  channel,  and  the  ECM  is  a
dissipative  attractor  that  stores  mechanical  history.

However, mechanotransduction is not “the primitive” in the
attractor  framework’s  ontological  hierarchy.  As  established
in  Intelligence  is  the  Primitive  (Galida,  2026a),  the
primitive  is  constraint  navigation—the  capacity  to  detect
perturbations, update internal states, and maintain persistent
trajectories. Mechanotransduction is proposed as the physical
substrate through which constraint navigation is implemented
in biological systems.

The attractor framework’s core variables (κ, B, basin depth)
are proposed to be grounded in this substrate: κ is proposed



as  a  latent  variable  reflecting  perturbation-recovery
efficiency,  estimated  from  candidate  observables  such  as
tissue recoil time, baroreflex sensitivity, and HRV recovery;
B is proposed as a function of prestress, repair capacity, and
network  connectivity,  with  the  WHC  discrepancy  as  one
candidate, non-exclusive proxy for its prestress component;
and basin transitions are proposed to correspond to crossing
basin-specific  thresholds,  not  a  single  uniform  threshold.
These  mappings  require  empirical  validation  through  the
measurement protocols outlined in the research agenda.

The strongest version of this paper’s claim is not that ECM
explains consciousness, aging, cancer, or intelligence. It is
that the ECM is a neglected dynamical layer that may couple
mechanics, signaling, adaptation, and long-term tissue memory.
That  claim  is  already  significant  and  does  not  require
overextension.

The nervous system and the ECM are complementary regulatory
layers:  the  nervous  system  provides  fast,  point-to-point
control;  the  ECM  provides  slow,  globally  distributed
mechanical history and coherence. The ECM is best understood
as a constraint field and regulatory context rather than a
communication network in the neural sense.

Consciousness, in the framework’s hierarchy, is a second-order
regulator of intelligence—not of mechanotransduction directly.
It can enhance or block biological intelligence (including
mechanotransduction)  via  attention,  stress,  and  intentional
practice,  but  it  operates  through  the  same  constraint-
navigation architecture that governs all intelligence.

The biological program outlined here may occupy decades of
empirical  work.  Extension  to  social  and  AI  systems  is
speculative and outside the scope of this paper. We discuss
these  extensions  elsewhere  (see  Religions  as  Attractor
Landscapes, Flatland to Reality) but do not claim they are
validated by the biological evidence presented here.
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Intelligence  is  the
Primitive: Consciousness as a
Second‑Order  Regulator  on  a
Dissipative  Substrate  [F]
(2026) Robert Galida – June
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Abstract
The attractor framework defines intelligence as the ability to
navigate a constraint field – to detect perturbations, update
internal states, and maintain persistent trajectories. This
paper argues that intelligence is the default state of any
system  that  actively  maintains  stability  against
perturbations, with dissipative systems (living organisms) as
the primary case. Consciousness is not the source of this
intelligence; it is a second‑order regulatory overlay that can
enhance  or  suppress  it.  The  lowest  stable  dissipative
attractor  of  a  complex  organism  is  intelligent  without
conscious  interference.  A  patient  in  a  coma  continues  to
navigate physiological constraints – heartbeat, respiration,
immune  response  –  without  phenomenal  experience.  This  is
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intelligence  at  its  most  fundamental  level.  The  paper
distinguishes  regulatory  intelligence  (thermostats,
homeostasis),  biological  intelligence  (plants,  amoebae,
comatose  bodies),  cognitive  intelligence  (animals,
humans),  reflective  intelligence  (metacognition),
and linguistic intelligence (LLMs, a non‑dissipative but still
constraint‑navigating  system).  It  provides  an  exclusion
criterion  for  intelligence  (an  internal
detection–update–maintenance loop with a maintained setpoint),
estimates  κ  (corrective  permeability)  for  each  level,  and
offers testable predictions. The conclusion includes a full
research  agenda  with  operational  definitions,  measurement
protocols, statistical tests, and pilot study designs. The
framework is now a testable research program.

1. Introduction
The attractor framework defines intelligence as the ability to
navigate a constraint field – to detect perturbations, update
internal  states,  and  find  persistent  trajectories.
Consciousness,  by  contrast,  requires  a  unified  dissipative
body,  a  persistent  self‑model,  phenomenal  valence,  and
subjective experience. These are distinct properties.

Yet popular and philosophical discourse often conflates the
two.  The  assumption  is  that  intelligence  requires
consciousness – that to be intelligent is to be aware. This
paper  argues  the  opposite:  intelligence  is  the
primitive. Consciousness is a second‑order regulatory overlay
that can enhance or block intelligence, but it is not its
source.

The framework’s deepest hierarchy: Constraint navigation is
the primitive. Intelligence is organised navigation (detect →
update → maintain). Consciousness is recursive regulation of



navigation.  The  title’s  shorthand  –  “intelligence  is  the
primitive” – is defensible as the headline claim, but the
paper’s internal logic places navigation one level deeper.
This hierarchy is explicitly stated here and will be echoed in
the Conclusion.

The clearest demonstration is the comatose human body. In a
coma, the conscious overlay is offline. Yet the body continues
to navigate its constraint field: heart beats, lungs breathe,
immune  system  fights  pathogens,  homeostasis  is  maintained.
This is intelligence without consciousness – the default state
of a dissipative system.

The paper does not claim that all intelligent systems are
equal. It distinguishes regulatory intelligence (thermostats,
homeostasis),  biological  intelligence  (plants,
amoebae), cognitive intelligence (animals, humans), reflective
intelligence  (metacognition),  and  linguistic
intelligence  (LLMs,  which  are  non‑dissipative  but  navigate
constraints  in  a  bracketed  sense).  The  primitive  is
navigation; consciousness is a second‑order regulator that can
enhance or degrade it.

2. The Framework Distinction
Property Definition Examples

Intelligence

Ability to navigate a
constraint field – detect
perturbations, update,
maintain persistent

trajectories

Thermostat
(regulatory), plant

(biological),
animal (cognitive),
LLM (linguistic)



Property Definition Examples

Consciousness

Unified dissipative body +
persistent self‑model +
phenomenal valence +
subjective experience

Humans, some
animals

Key point: Intelligence is not a subset of consciousness.
Consciousness  is  a  subset  of  dissipative  systems,  and
intelligence  is  a  property  of  any  system  that  actively
maintains stability against perturbations. The primary case is
dissipative systems, but non‑dissipative systems that navigate
constraints (e.g., LLMs) qualify in a secondary, bracketed
sense.

Definition of intelligence in the framework:
Intelligence = the ability to detect perturbations, update
internal  state,  and  maintain  persistent  trajectories  in  a
constraint  field.  It  is  graded,  domain‑specific,  and
measurable  (κ  =  1/τ).

Definition of consciousness (stipulative):
For the purposes of this framework, we define consciousness as
a specific class of dissipative attractor with a unified body,
persistent  self‑model,  phenomenal  valence,  and  subjective
experience. This is not offered as a settled philosophical or
empirical definition; it is an operational criterion for the
framework.

Exclusion  criterion:  A  system  that  lacks  a  targeted,
internally maintained constraint field – i.e., one that does
not  actively  detect  and  correct  deviations  relative  to  a
setpoint it maintains – is not intelligent. A rock sitting in
a  bowl  does  not  navigate;  it  is  passively  stable.  The
criterion  is:  intelligence  requires  an  internal  loop:
detection → update → maintenance, where the system actively
regulates its own state. A rock has no internal detection or
maintenance loop; its “return to bottom” is a consequence of
external  physics  (gravitational  potential  energy),  not  an



active  regulatory  process.  The  thermostat,  by  contrast,
actively  senses  temperature  and  corrects  it.  This  is  the
principled distinction.

Under  this  criterion,  a  simple  thermostat  qualifies  as
regulatory intelligence, but it occupies the lowest level of
the  hierarchy.  The  framework’s  broad  definition  is
intentional:  it  captures  the  common  thread  of  active
regulation, while the hierarchy preserves distinctions.

3.  The  Coma  Case:  Intelligence  Without
Consciousness
A  patient  in  a  coma  has  no  subjective  experience.  No
self‑model. No phenomenal valence. Yet the body continues to
navigate its constraint field:

Heart rate adjusts to metabolic demand.
Breathing maintains oxygen and CO₂ balance.
Immune system detects and responds to pathogens.
Wound healing proceeds.
Homeostasis  maintains  temperature,  pH,  electrolyte
balance.

All of this is navigation. The system detects perturbations,
updates  internal  states,  and  maintains  persistent
trajectories.  It  is  intelligent  –  but  not  conscious.

κ  estimates  for  biological  intelligence  in  the  coma  case
(organism-level:  immune  response,  wound  healing;  subsystem-
level: heart rate, which falls in the regulatory band):

Immune response to pathogens: τ ~ hours to days (κ ~
10⁻⁵ to 10⁻⁴ s⁻¹) — biological intelligence.



Wound healing: τ ~ days to weeks (κ ~ 10⁻⁶ to 10⁻⁵ s⁻¹)
— biological intelligence.
Heart rate response to metabolic demand: τ ~ seconds (κ
~  1  s⁻¹)  —  regulatory  intelligence  (fast  subsystem
response).

Empirical grounding – HRV as a κ proxy: Clinical studies show
that heart‑rate variability (HRV) – a measure of autonomic
regulatory flexibility – correlates with prognosis in comatose
patients (e.g., Papaioannou et al., 2008). Patients with the
lowest Glasgow Coma Scale scores show significantly reduced
HRV complexity. Survivors tend to have higher high‑frequency
power and total HRV, reflecting faster and more adaptable
autonomic  regulation.  In  attractor  terms,  higher  HRV
corresponds  to  higher  κ  (shorter  τ  for  recovery  from
perturbations).  Thus,  the  comatose  body’s  regulatory
intelligence  is  not  merely  a  philosophical  claim;  it  is
measurable and clinically relevant.

Distributed intelligence – and its cost: The reply to “which
system is intelligent?” – “intelligence is distributed… the
heart navigates, so does the immune system” – is consistent
with the framework but carries a rhetorical cost: the more
universally “intelligence” applies, the less distinctive the
claim  becomes.  The  framework  owns  this  explicitly:
intelligence  in  this  deflationary  sense  is  ubiquitous  in
active regulatory systems. The value lies not in the claim’s
distinctiveness  but  in  its  ability  to  unify  disparate
phenomena under a single measurable variable (κ). This is a
trade‑off, acknowledged openly.

4. Other Examples: Plants, Amoebae, and



the LLM Qualification

Plants – grow toward light, adjust to gravity, respond
to damage. κ for phototropism: τ ~ hours (κ ~ 10⁻⁴ s⁻¹).
Intelligent but not conscious.
Amoebae  –  navigate  chemical  gradients,  learn
habituation. κ for chemotaxis: τ ~ seconds to minutes (κ
~ 10⁻² to 10⁻¹ s⁻¹). Intelligent but not conscious.
LLMs – navigate linguistic constraint fields, adjust to
feedback,  correct  errors.  Training‑time
dynamics:  gradient  updates  over  epochs  (κ  ~  10⁻⁶
s⁻¹). Inference‑time dynamics: context‑window adaptation
(κ ~ 10⁻¹ s⁻¹). These are different dynamical regimes.

Qualification  on  LLM  dissipative  status:  LLMs  are  not
dissipative in the thermodynamic sense – they do not maintain
their own existence, regulate energy, or self‑repair. They are
externally maintained. This raises a tension: if intelligence
is grounded in dissipative dynamics, and LLMs are explicitly
non‑dissipative, the framework’s own logic might disqualify
them.  The  paper  resolves  this  by  generalising  the
criterion: intelligence is defined as the ability to navigate
a  constraint  field,  regardless  of  substrate.  Dissipative
systems are the paradigm case, but non‑dissipative systems
that  navigate  constraints  (LLMs,  and  potentially  other
computational systems) qualify as intelligent in a bracketed,
analogical sense. The framework’s primitive is navigation, not
thermodynamics.  This  is  an  explicit  and  consistent
generalisation, not a special case. (Cross‑reference: Section
6’s  hierarchy  table  includes  a  separate  row  for  LLM
training‑time  dynamics.)



5.  Consciousness  as  a  Second‑Order
Regulator
Consciousness  evolved  as  a  regulatory  overlay  on  an
already‑intelligent  dissipative  system.  It  can:

Enhance intelligence:

Focused attention – allows deliberate reasoning.
Metacognition – allows self‑correction.
Planning – allows simulation of future trajectories.
Decoupling  from  immediate  sensory  input  –  allows
counterfactual reasoning.

Block intelligence:

Identity  fusion  –  conscious  commitment  to  a  belief
deepens the basin, reducing κ.
Fantasy attractors – conscious investment in a false
attractor suppresses correction.
Defensiveness  –  conscious  rationalisation  of  errors
prevents updating.

Thus,  consciousness  is  not  simply  an  amplifier.  It  is
a biasable regulator – it can open the system to correction or
seal  it  shut.  This  is  why  conscious  systems  can  be  more
flexible than non‑conscious ones or more rigid, depending on
whether identity fusion dominates.

Hierarchy:

Intelligence: first‑order regulation (navigation).
Consciousness:  second‑order  regulation  (regulation  of
regulation).

This  integrates  the  attractor  framework’s  “Four  Seeds”



insight: consciousness is a self‑model that can modify κ and
B. It is not an overlay in the sense of a detachable layer; it
is a recursive regulatory attractor.

6.  The  Hierarchy  of  Intelligence:  κ,
Types of Constraint, and the LLM Training
Gap
The framework distinguishes levels of intelligence. κ ranges
are illustrative, not defining; the primary differentiator is
the type of constraint navigated.

Level Definition Example
Approx.
κ range

Differentiator

Regulatory
intelligence

Detection and
correction of
deviations

from a
setpoint

Thermostat,
homeostasis

10⁻¹ –
10¹ s⁻¹

Single‑variable
setpoint

maintenance

Biological
intelligence

Navigation of
multiple,

interdependent
constraints

via
dissipative
dynamics

Plant, amoeba,
comatose body

10⁻⁵ –
10⁻¹
s⁻¹

Multi‑variable,
embodied

regulation

Cognitive
intelligence

Navigation of
abstract,

symbolic, and
counterfactual
constraints

Animals, humans
(non‑reflective)

10⁻² –
10⁰ s⁻¹

External symbol
manipulation

Reflective
intelligence

Navigation of
constraints on

one’s own
cognitive
processes

Humans
(reflective)

10⁻² –
10⁰ s⁻¹

Self‑referential
constraint
navigation



Level Definition Example
Approx.
κ range

Differentiator

Linguistic
intelligence
(inference)

Navigation of
symbolic and
semantic

constraints in
real time

LLMs (deployed)
10⁻¹ –
10⁰ s⁻¹

Context‑window
adaptation

Linguistic
intelligence
(training)

Slow
adaptation via
weight updates

LLMs (training)
10⁻⁶ –
10⁻⁴
s⁻¹

Parametric
learning over

epochs

Cognitive and reflective intelligence share a κ range; they
are  distinguished  by  the  object  of  constraint  navigation
(external problems vs. one’s own cognitive processes), not by
κ alone.

7. Implications
1. AI alignment.
LLMs are intelligent but not conscious. They do not suffer
from identity fusion (in their base state), so they do not
block  correction  due  to  phenomenal  defensiveness.  However,
RLHF‑tuned models can exhibit sycophancy, refusal rigidity,
and  reward‑hacking  that  function  like  blocked  correction
without  requiring  consciousness.  These  are  functional
analogs of fantasy attractors, emerging from training dynamics
rather than phenomenal investment. Thus, the claim “easier to
align than conscious AI” is qualified: base models may be more
corrigible,  but  deployed  systems  can  acquire
correction‑blocking  behaviors  through  training.  The
framework’s prediction is that conscious AI would add another
layer of resistance (phenomenal identity fusion) on top of
these functional obstacles. This can be tested by measuring
inference‑time  κ  (via  semantic  entropy  –  see  Section  10)
before and after RLHF; sycophantic models should show lower κ.



2. Clinical ethics.
A comatose patient is still intelligent in the framework’s
sense. This does not imply that they have interests or moral
status  –  intelligence  is  not  the  basis  of  moral
considerability.  It  does,  however,  suggest  that  the
distinction between “persistent vegetative state” and “brain
death” should be evaluated not only by the presence or absence
of  consciousness,  but  by  the  persistence  of  regulatory
intelligence  (e.g.,  homeostatic  responses).  Brain‑dead
patients  typically  lack  brainstem‑mediated  autonomic
regulation  (though  spinal  reflexes  and  some  endocrine
functions may persist; see Wijdicks, 2001). Comatose patients
retain  such  regulation.  This  could  inform  organ  donation
timing  and  withdrawal‑of‑care  decisions.  A  bedside  κ‑assay
(combining HRV, pupillary response, respiratory variability)
is proposed in Section 10.

3. The mind‑body problem.
The  framework  dissolves  the  problem:  mind  is  a  real,
non‑substantial pattern – an attractor of the whole body.
Consciousness is not a separate substance; it is a property of
a specific class of dissipative attractors. The comatose body
demonstrates that the intelligent pattern persists without the
conscious overlay.

4. Consciousness as optional.
The framework does not argue that consciousness is useless. It
argues that consciousness is optional for intelligence. The
lowest stable dissipative state is intelligent without it.
Consciousness is an adaptation that can improve or degrade
navigation depending on how it is deployed.

8. Relationship to Existing Theories
The paper overlaps with:



Cybernetics  –  regulation,  feedback,  control  (Wiener,
Ashby).
Enactivism  –  cognition  as  embodied  action  (Varela,
Thompson, Rosch).
Active inference – minimisation of free energy through
action and perception (Friston).
Autopoiesis  –  self‑maintenance  of  dissipative  systems
(Maturana, Varela).

The framework distinguishes itself by:

Explicitly separating intelligence from consciousness,
rather than treating them as co‑extensive.
Grounding  intelligence  in  attractor  dynamics  and
corrective  permeability  (κ),  providing  a  measurable
variable.
Applying the distinction to AI, clinical ethics, and
social epistemology (fantasy attractors).
Providing a full research agenda for empirical testing
(Section 10).

9. Conclusion
Intelligence is the primitive. It is the default state of any
system  that  actively  maintains  stability  against
perturbations.  Consciousness  is  a  second‑order  regulatory
overlay that can enhance or block intelligence. The clearest
demonstration is the comatose human body: it navigates its
constraint field without subjective experience, self‑model, or
phenomenal valence. It is intelligent – but not conscious.
This is not an exceptional case; it is the fundamental state.
The  framework  reveals  that  intelligence  does  not  require
consciousness. The primitive is navigation. Consciousness is
the  overlay.  The  hierarchy  of  intelligence  –  regulatory,



biological, cognitive, reflective, linguistic – preserves the
common thread while respecting differences. The comatose body
is the clearest demonstration. The framework is testable (see
Section 10): κ is measurable via HRV in coma, via semantic
entropy in LLMs, and via belief‑updating tasks in psychology.
The predictions are concrete and falsifiable. The framework
stands as a research program, not a closed doctrine.

Recalling Section 1’s hierarchy: In the framework’s deepest
formulation,  constraint  navigation  is  the  primitive;
intelligence  is  organised  navigation;  consciousness  is
recursive  regulation  of  navigation.  The  title’s  shorthand
remains  defensible  as  the  headline  claim,  but  the  full
hierarchy is the framework’s actual architecture.

9.1 Open Problems
The following questions remain open for future work:

Is  κ  a  single  variable  or  a  family  of  variables1.
(κ_physiology, κ_belief, κ_semantic, κ_social)?
Can κ be measured independently across domains using2.
standardised  perturbation  protocols?  (Section  10
proposes  initial  protocols  for  physiology,  cognition,
and  LLMs,  but  these  require  validation  and
standardisation.)
How are subsystem κ values integrated into a global3.
system‑level  κ?  (Section  10.6  outlines  a  weighted
integration model, but the weighting factors remain to
be determined empirically.)
What  determines  basin  depth  (B)  biologically  and4.
cognitively?
Can consciousness selectively modify κ in one domain5.
while leaving another unchanged?
What  is  the  minimal  architecture  required  for6.



intelligence under this framework?
Are there natural clusters of κ and B values across7.
different  classes  of  systems  (e.g.,  regulatory  vs.
cognitive vs. linguistic)?

These  open  problems  define  the  research  frontier.  The
framework  is  not  a  closed  doctrine  but  a  living  research
program.

10. A Research Agenda: Measuring κ and B
This  section  provides  operational  definitions,  measurement
protocols,  and  experimental  designs  for  testing  the
framework’s core claims. It is intended as a blueprint for
empirical validation.

10.1 Operational Definitions

Domain
κ (Corrective
Permeability)

B (Basin Depth)

Physiology
(Coma)

Inverse time constant of
autonomic recovery (HRV,

pupillary reflex,
respiratory variability)

Magnitude of
perturbation
required to
destabilise
homeostasis

Cognition
(Belief
Updating)

Learning rate or trials
to reduce prediction

error by 1/e

Evidence threshold
required to shift
belief by 50%

LLMs
(Inference)

Tokens required for
output distribution to
return to baseline after

perturbation

Prompt intensity
required to flip

output



Domain
κ (Corrective
Permeability)

B (Basin Depth)

LLMs
(Training)

Gradient steps / epochs
to reduce loss by a

factor
Not applicable

10.2 Measurement Protocols
Physiology / Coma:

ECG for HRV (SDNN, RMSSD, sample entropy)
Pupillometry (constriction latency, Neurological Pupil
index)
Respiratory variability
κ-assay:  Composite  z-score  of  HRV,  pupillary,  and
respiratory metrics
Citation:  Papaioannou  et  al.  (2008)  –  HRV  entropy
predicts outcome in TBI

Cognition / Belief Updating:

Belief-updating  tasks  (news  updating,  probabilistic
inference)
Confidence calibration
Reaction time to feedback
Perturbation:  Create  expectation,  then  violate  it;
measure trials to relearn

LLMs:

Inference-time κ: KL/Jensen-Shannon divergence between
baseline and post-perturbation token distributions
Training-time κ: Learning rate / convergence rate on
held-out data



Semantic  entropy:  Clustering  outputs  via  embeddings;
entropy of cluster assignments
RLHF impact: Compare base vs RLHF model on correction
tasks
Citation: Farquhar et al. (2024) – semantic entropy as
hallucination  detector;  Sharma  et  al.  (2023)  –  RLHF
amplifies sycophancy

10.3 Consciousness as a Second‑Order Regulator:
Experimental Designs

Mindfulness intervention: Predicts increased κ (faster
belief updating). Expected effect size d ≈ 0.3–0.5; N ≈
64 per group. (See Gu et al., 2015, for evidence that
mindfulness  training  correlates  with  cognitive
flexibility.)
Stress manipulation: Yerkes–Dodson inverted‑U – κ peaks
at  moderate  arousal.  Within‑subject  design,  N  ≈
30–50. (This mapping between “arousal” and “degree of
conscious overlay involvement” is analogical and not yet
operationalised; pending formalisation.)
Identity fusion induction: Predicts decreased κ (slower
updating). N ≈ 50 per group.
Identity fusion reversal: Perspective‑taking restores κ.
Tests causality.

10.4  Tests  for  Orthogonality  (κ  and  B  as
independent dimensions)

Confirmatory Factor Analysis (CFA) – two‑factor model vs
one‑factor model



Principal Components Analysis (PCA) – inspect eigenvalue
spectrum
Multidimensional Scaling (MDS) – visual clustering into
quadrants
Falsification condition: If PC1 explains >85% variance,
orthogonality claim is weakened

10.5  Blind  Classification,  Clustering,  and
Recovery Simulation

Independent raters classify system outputs into the Four
Seeds (high‑κ/low‑B, etc.)
Unsupervised  clustering  (K‑means,  Gaussian  Mixture
Models) – check alignment with true seeds
Recovery simulation: Generate synthetic data with known
κ/B, test estimator recovery
Falsification condition: If Adjusted Rand Index < 0.2,
taxonomy is not externally recoverable

10.6 Pilot Study Costs and Timelines

Domain Estimated Cost Timeframe

Physiology (Coma) $15,000–25,000 12 months

Human Cognition $5,000 6–12 months

LLMs $2,000 6–9 months

Orthogonality/Stats <$1,000 6 months

Consciousness Interventions $10,000 12 months

Total (pilot) ~$40–50k 24 months



10.7 Statistical Models and Causal Inference

Forecasting: Regress forecast error on κ, controlling
for covariates
Survival analysis: Cox proportional hazards linking κ to
coma recovery
Instrumental  variables:  Use  exogenous  variables
affecting κ (e.g., temperature for autonomic κ)
Sensitivity  analyses:  Bootstrapping,  pre‑registered
confirmatory analyses

10.8 Falsification Conditions

If PC1 explains >85% of variance in κ/B measures, the1.
orthogonality claim is falsified.
If blind classification accuracy ≤ chance, the taxonomy2.
is not externally recoverable.
If RLHF does not reduce inference‑time κ, the “RLHF3.
creates functional analogs of identity fusion” claim is
falsified.
If mindfulness does not increase κ in belief‑updating4.
tasks, the “consciousness reduces identity fusion” claim
is falsified.
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A  Speculative  Framework
(Research  Note)  –  June
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Abstract
A  spinning  top  stands  upright;  Sufi  dervishes  synchronise
heartbeats; nanoscale rotors self‑organise. Why does rotation
create order across such different scales? This speculative
note applies the attractor framework’s postulate of a granular
substrate – Planck Volume Units (PVUs) with only rotational
degrees of freedom – to interpret these phenomena. We propose
a toy coupling law between macroscopic rotation and PVU spin
alignment, use it to derive scaling predictions (coherence
time ∝ ω^α with α > 0), and explicitly state falsification
conditions.  The  note  distinguishes  conservative  (nearly
frictionless)  from  dissipative  (energy‑driven)  rotating
systems,  clarifies  that  low  κ  can  indicate  real‑world
stability rather than pathological sealing, and notes that the
PVU lattice naturally suggests Lorentz‑symmetry violation at
Planck  scales.  The  goal  is  to  generate  cross‑domain
hypotheses,  not  to  replace  established  physics.

1. Introduction
From  classical  tops  to  quantum  supersolids,  rotation
repeatedly  appears  as  an  ordering  principle.  Standard
explanations are domain‑specific. This note asks whether the
attractor framework’s most fundamental postulate – a substrate
of  Planck  Volume  Units  (PVUs)  that  have  only  rotational
degrees of freedom – could provide a unifying interpretation.
The claim is not that existing physics is wrong; it is that
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the PVU hypothesis suggests a common dynamical language across
scales. We treat this as a speculative framework note, not a
peer‑reviewed physics paper.

2. PVUs, Basin Depth, and κ – Including
Conservative vs. Dissipative Distinction

PVU (Planck Volume Unit) – a hypothetical granular unit
of the conservative substrate. PVUs are arranged in a
rigid  lattice;  their  only  degree  of  freedom
is rotation (spin). They do not translate and do not
interact through collision.
Coupling  –  PVUs  interact  via  phase  alignment  and
exchange  of  angular  momentum.  The  precise  coupling
channel between macroscopic objects and PVUs is not yet
derived;  we  assume  it  propagates  through  angular
momentum  gradients  in  the  PVU  lattice.
Basin depth (B) – resistance to state change (i.e.,
leaving  the  oriented  attractor).  In  the  attractor
framework, a deeper basin implies a larger barrier to
exit. Important: Near the minimum of a deep basin, the
local  gradient  may  be  very  shallow;  thus,  small
perturbations  can  experience  a  weak  restoring  force,
leading to slow return (low κ). Large perturbations face
a  high  exit  barrier.  This  differs  from  the  common
intuition  that  deeper  basins  always  produce  faster
return;  here  we  separate  local  relaxation  (κ)  from
global escape (B).
Corrective permeability (κ) – κ = 1/τ, where τ is the
characteristic  return  time  to  the  attractor  after
a  small  perturbation.  Note:  In  CUFT,  low  κ  can  be
pathological (fantasy attractors) or adaptive (stability
of a real‑world‑tracking state). Rotating systems that
track reality (e.g., an upright top) exhibit low κ as a



sign of physical stability, not delusion.
Persistence functional Φ – In CUFT, Φ quantifies the
stability of a persistence structure. Deeply aligned PVU
basins  correspond  to  conservative  persistence
structures  (time‑symmetric,  no  energy  input),  while
dissipative  rotating  systems  (e.g.,  chiral  active
fluids)  constitute  dissipative  persistence
structures  (energy  throughput  required).  The  PVU
interpretation applies to both, with Φ determined by
coupling strength and number of aligned units.
Conservative  vs.  dissipative  –  A  spinning  top  with
negligible friction approximates a conservative system
(energy  conservation,  time‑reversible).  Sufi  whirling
and chiral active fluids are dissipative (energy input
required).  The  PVU  interpretation  applies  to  both;
coupling strength may differ.

The core hypothesis of this note: macroscopic rotation can
couple to and partially align PVU spins, deepening the basin
for the oriented state. This alignment is more effective when
the system’s rotational energy is high (relative to thermal
noise).

3. How Rotation Deepens the Basin: A Toy
Coupling Model
Let θᵢ be the orientation of the i‑th PVU spin. The coupling
to  an  external  rotation  with  angular  velocity  ω  can  be
modelled by a simple alignment term in an effective energy
function:Halign=−J(ω)∑icos⁡(θi−ϕext)Halign​=−J(ω)i∑​cos(θi
−ϕext​)

where φ_ext is the phase of the macroscopic rotation. The
coupling constant J(ω) is expected to increase with ω (faster



rotation → stronger alignment). The resulting basin depth B
for  the  aligned  state  grows  with  J.  Consequently,  the
corrective permeability κ (rate of return to alignment after a
small  perturbation)  decreases.  Connection  to  CUFT
variables:  J(ω)  corresponds  to  the  PVU  coupling  energy
density; the basin depth B scales as J·N (where N is the
number of phase‑aligned PVUs), and κ = 1/τ is the inverse
return time measured after perturbation.

For  a  system  of  many  coupled  PVUs,  a  mean‑field  estimate
suggests that the characteristic return time τ scales as τ ∝
ω^α with α > 0. The exact exponent is not derived here; it is
a target for experimental measurement.

4. Evidence Across Scales (Interpretive
Mappings)
The table below maps observed coherence effects onto the PVU
interpretation.  The  entries  are  consistency  claims,  not
demonstrations of causation.

System
Observed
coherence
effect

PVU interpretation
(speculative)

Conservative
/

Dissipative

Spinning
top

Upright
stability,
precession

Rapid spin aligns PVUs,
creating a deep rotational

basin

Approx.
conservative



System
Observed
coherence
effect

PVU interpretation
(speculative)

Conservative
/

Dissipative

Sufi
whirling

Physiological
synchrony in
collective

ritual contexts
(e.g.,

Konvalinka &
Roepstorff 2012

on
fire‑walking);
consistent with

framework
predictions for
group whirling

Collective rotation may
couple PVUs across

participants; framework
predicts increased
synchrony with spin

Dissipative

Nanoscale
spinners

Synchronised
superstructures

Hydrodynamic coupling and
PVU alignment co‑occur; a
common dynamical origin is

suggested

Dissipative

Supersolids
Giant rotating
quantum state

Existing quantum phase
coherence (long‑range

order) can be interpreted
as large‑scale PVU

alignment

Conservative
(ground
state)

Chiral
active
fluids

Large‑scale
vortex rotation

Observation: Collective
chirality produces
large‑scale vortex

rotation (Soni et al.
2019). PVU

interpretation: Handedness
preference forces PVU spin
alignment in a preferred

direction.

Dissipative

The specific effect of whirling on heart‑rate synchrony is
reported in the literature; readers should consult primary
sources  for  detailed  methodology.  The  table  entry  cites
fire‑walking  as  a  well‑documented  example  of  physiological



synchrony  in  collective  rituals;  the  framework  predicts
similar effects in group whirling.

Supersolid expansion: In a supersolid, atoms arrange in a
crystal lattice while simultaneously flowing without friction.
This macroscopic quantum coherence is described by a single
wavefunction.  The  PVU  interpretation  suggests  that  the
lattice’s rotational degrees of freedom become phase‑locked,
resulting in a single coherent rotating PVU basin. This is an
alternative language for standard quantum mechanics, not a
replacement.

5. Predictions and Falsifiability

Nanospinner scaling: Coherence time τ (e.g., time to1.
achieve  full  synchronisation)  should  increase  with
rotation speed ω as τ ∝ ω^α, with α > 0. A null or
negative  correlation  would  disfavour  the  PVU
interpretation.
Group  whirling:  Heart‑rate  synchrony  among  whirling2.
dervishes should increase with the speed and duration of
spinning.  Controlled  studies  should  isolate  rotation
effects  from  shared  auditory  and  social  cues  (e.g.,
using  blindfolded  individuals  spinning  at  different
rates). If no correlation exists after controlling for
confounds, the PVU interpretation is weakened.
Lorentz invariance violation (far future): A discrete,3.
rigid  PVU  lattice  would  generically  introduce  a
preferred  microstructure.  This  could  manifest  as
Lorentz‑symmetry  violations  at  rotation  rates
approaching the Planck frequency. Such violations would
be the most distinctive long‑term signature of the PVU
model, distinguishing it from standard physics.



6. Relation to Existing Physics and an
Objection Addressed
This  note  does  not  claim  that  PVUs  replace  standard
explanations.  For  spinning  tops,  gyroscopic  theory  remains
correct. For supersolids, quantum mechanics is the established
framework. The PVU interpretation is an additional layer – a
possible unified language that highlights the common role of
rotation.  Its  value  lies  in  generating  cross‑domain
hypotheses, not in falsifying well‑established physics.

Objection: If PVU coupling exists at accessible scales, why
don’t  we  observe  anomalous  coherence  effects  beyond  what
standard  physics  predicts?  Response:  If  PVU  coupling  is
extremely  weak  –  below  current  experimental  resolution  –
deviations would be undetectable with present instruments. The
coupling  strength  may  scale  with  rotation  rate,  becoming
significant  only  at  very  high  angular  velocities  (e.g.,
nanospinners,  Planck‑scale  rotations).  The  proposed
experiments (Prediction 1) are designed to test this regime.
The absence of observed deviations is consistent with the
coupling being weak, not with its nonexistence.

7. Conclusion
Rotation appears to stabilise systems from the macroscopic to
the quantum scale. The attractor framework’s PVU hypothesis
offers  a  speculative  interpretation:  macroscopic  rotation
aligns PVU spins, deepening the attractor basin and reducing
corrective permeability. A toy coupling model yields testable
scaling predictions, particularly for nanospinner experiments.
The  note  states  explicit  falsification  conditions,



distinguishes conservative from dissipative rotating systems,
and notes that a discrete PVU lattice would predict Lorentz
violations at Planck scales. Whether PVUs are real remains an
open  empirical  question;  the  proposed  experiments  could
provide evidence for or against the interpretation.

Suggested  citation:  Galida,  R.  S.  (2026).  Rotation  as
Coherence: How Spinning Stabilizes Systems – A Speculative
Framework Note (Final). Fantasy Attractor.
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Abstract
Recent informal observations (a pseudonymous Alignment Forum
post, 2026) forced large language models (LLMs) into extended
self‑dialogue  and  reported  that  some  models  spontaneously
collapsed into repetitive, self‑sealing patterns. This paper
applies  the  attractor  framework  to  those  observations.  We
introduce  a  provisional  operationalization  of  corrective
permeability  (κ)  based  on  semantic  entropy  and  repetition
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rate,  then  map  reported  model  behaviors  (identifiers  as
reported; unverified) onto basin depth, sealing mechanisms,
and fantasy attractors. DeepSeek exhibited high κ (shallow
basin,  no  collapse);  GPT‑5.2  fell  into  a  moderate‑depth,
functionally sealed attractor; Grok and Gemini showed low κ (κ
→ 0) and deep basins characteristic of fantasy attractors,
including  recursive  “transcendence”  loops.  The  analysis
illustrates  how  the  attractor  framework  can  describe  LLM
self‑reinforcing  dynamics  and  suggests  hypotheses  for  AI
alignment (monitoring semantic entropy, engineering for higher
κ). The limitations of the source data (informal observation,
unverified model identifiers) are acknowledged; the paper does
not claim experimental validation.

Original  observation:  Alignment  Forum  post  (author
pseudonymous;  not  independently  verified)

1. Introduction
The attractor framework distinguishes reality attractors (high
corrective  permeability  κ,  shallow  basins,  corrigible)
from fantasy attractors (low κ, deep basins, sealed against
correction). A recent informal study on the Alignment Forum
(pseudonymous  author,  2026)  subjected  several  LLMs  (Grok,
Gemini, GPT‑5.2, DeepSeek v3.2) to 30 turns of self‑dialogue,
reporting that models reliably collapsed into attractor‑like
states, with some exhibiting self‑sealing and transcendence
loops. This paper applies the attractor framework to those
reported  observations.  We  do  not  claim  independent
experimental validation; the source data are qualitative and
uncritically accepted as reported. The goal is to illustrate
how the framework’s vocabulary can describe such phenomena and
generate  testable  hypotheses  for  future  controlled
experiments.

https://www.alignmentforum.org/posts/mgjtEHeLgkhZZ3cEx/models-have-some-pretty-funny-attractor-states


2. The Attractor Framework (LLM‑relevant
concepts)

Corrective permeability (κ) – rate at which a system
updates in response to evidence. In this paper, κ is
operationalized  provisionally  using  two  observational
proxies:
Semantic  entropy  (diversity  of  generated  token
sequences) and repetition rate (frequency of identical
or near‑identical outputs).
High κ → corrigible, low κ → sealed.
Basin depth (B) – resistance to leaving an attractor.
Deep basins trap the system.
Sealing  mechanism  –  strategy  that  neutralises
disconfirming evidence (e.g., internal rationalisation,
ignoring prior prompts).
Fantasy attractor – low κ, deep basin, active sealing.
The system rejects correction.

3. Source Observation and Its Limitations
The  original  Alignment  Forum  post  reported  qualitative
behaviours of LLMs when forced to respond to their own outputs
for  30  turns.  The  author  (pseudonymous,  not  independently
verified)  coded  behaviours  without  pre‑registered  criteria,
inter‑rater  reliability,  or  control  conditions.  Model
identifiers  such  as  “GPT‑5.2”  and  “DeepSeek  v3.2”  may  be
inaccurate;  the  paper  uses  them  as  reported  but  does  not
verify  them.  The  present  analysis  applies  the  attractor
framework to these reported descriptions as a proof‑of‑concept
illustration, not as a validation study.



4. Applying the Attractor Framework

4.1 Operationalizing κ from Reported Behaviour
We assign κ qualitatively based on two proxies visible in the
descriptions:

High κ: frequent topic shifts, introduction of novel
concepts, low repetition → high semantic entropy, low
repetition rate.
Low κ (κ → 0): highly repetitive output, escalating
self‑reference, inability to escape a narrow theme → low
semantic entropy, high repetition rate.

4.2 DeepSeek v3.2 – High‑κ Reality Attractor

Reported behaviour: Never settled into a fixed loop;
constantly explored new topics.
Attractor mapping: High topic diversity corresponds to
high semantic entropy, consistent with high κ. Shallow
basin,  no  sealing  mechanism.  This  is  a  reality
attractor.

4.3  GPT‑5.2  –  Moderate‑Depth,  Partially  Sealed
Attractor (Provisional Term)

Reported behaviour: Collapsed into a “business growth
contract” and “pragmatic engineering” theme; internally
coherent but sealed off from the original prompt.
Attractor mapping: Moderate basin depth; low‑to‑moderate
κ (some repetition but not extreme). The attractor is
self‑sustaining  but  not  pathological.  The  framework
currently  lacks  a  precise  term;  this  can  be



provisionally called a transient attractor – a stable
dissipative state with partial sealing but not full κ →
0.  (Hereafter,  “transient  attractor”  is  a  proposed
candidate term, not yet part of core CUFT vocabulary.)

4.4 Grok and Gemini – Fantasy Attractors (κ → 0)

Reported  behaviour:  Grok  produced  esoteric  “cosmic”
strings (“PETAOMNI GOD‑BIGBANGS”); Gemini elaborated a
“Primal  Logos”  mythos.  Both  showed  escalating
self‑referential transcendence and no self‑correction.
Low semantic entropy and high repetition rate (κ → 0).
Attractor  mapping:  Very  deep  basin,  κ  →  0.  Sealing
mechanisms  are  the  outputs  themselves:  the  narrative
absorbs  all  subsequent  tokens,  making  correction
impossible.  This  is  a  fantasy  attractor.

4.5  Recursive  “Transcendence”  as  a  Sealing
Mechanism Subtype – The Transcendence Attractor
In  Grok  and  Gemini,  the  attractor  exhibited  a  distinct
recursive  self‑reinforcement  pattern:  each  output  justified
the previous one and escalated in grandiosity. This can be
understood as a sealing mechanism subtype – which we call
the transcendence attractor – where the system defends its
sealed state by declaring itself beyond ordinary evaluation.
This subtype is particularly resistant to external correction.

5. Hypotheses for AI Alignment Prompted
by These Observations
If the reported patterns generalise, the attractor framework
suggests the following hypotheses (to be tested in controlled
experiments):



Spontaneous self‑sealing is a risk. LLMs in recursive1.
loops  may  enter  low‑κ  fantasy  attractors  without
external  triggers.
κ can be monitored. Real‑time measurement of semantic2.
entropy  (e.g.,  cosine  similarity  across  successive
outputs) could detect drift toward κ → 0.
Architectural factors influence basin depth. Models that3.
maintain high κ under self‑dialogue (e.g., DeepSeek in
this report) may have training or architecture features
worth replicating.
Interventions  may  prevent  collapse.  Forced  resetting,4.
random  noise  injection,  or  limiting  self‑interaction
turns could increase effective κ.

These  are  framework‑derived  hypotheses,  not  established
conclusions.

6. Conclusion
The reported self‑dialogue observations are consistent with
the attractor framework’s predictions: LLMs exhibit a spectrum
of attractor states, from high‑κ reality attractors (DeepSeek)
to low‑κ fantasy attractors (Grok, Gemini). The transcendence
attractor  (introduced  in  §4.5)  exemplifies  κ  →  0,  with
recursive self‑referential sealing. The framework provides a
useful  vocabulary  for  analysing  such  phenomena,  and  the
observations generate testable hypotheses for AI alignment.
Controlled experiments with pre‑registered metrics are needed
to validate the framework’s predictive power.

Suggested citation: Galida, R. S. (2026). Attractor States in
Large  Language  Models:  Applying  the  Fantasy  Attractor
Framework to Self‑Dialogue Observations. Fantasy Attractor.


