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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.

References

Boyatzis, R.E., Rochford, K., & Taylor, S.N. (2015).
“The role of the positive emotional attractor in vision
and shared vision.” Frontiers in Psychology, 6:670.
Cheema, A., & Bagchi, R. (2011). “The effect of goal
visualization on goal pursuit.” Journal of Marketing,
75(2), 109–123.
Geisler,  F.C.M.,  &  Kubiak,  T.  (2009).  “Heart  rate
variability  predicts  self-control  in  goal
pursuit.” European Journal of Personality, 23, 623–633.
Golubickis, M., Tan, L.B.G., Jalalian, P., Falbén, J.K.,
&  Macrae,  C.N.  (2024).  “Brief  mindfulness-based
meditation  enhances  the  speed  of  learning  following
positive  prediction  errors.”  Quarterly  Journal  of
Experimental Psychology, 77(11), 2312–2324.
Kronemyer, D., & Bystritsky, A. (2014). “A non-linear
dynamical  approach  to  belief  revision  in  cognitive
behavioral  therapy.”  Frontiers  in  Computational
Neuroscience,  8:55.
MacDonald, M.R., & Kuiper, N.A. (1985). “Efficiency and
automaticity  of  self-schema  processing  in  clinical
depressives.” Motivation and Emotion, 9(2), 171–184.
Singer,  J.A.,  Blagov,  P.,  Berry,  M.,  &  Oost,  K.M.
(2013). “Self-defining memories, scripts, and the life
story.” Journal of Personality, 81(6), 569–582.



Suggested citation: Galida, R. S. (2026). Cognitive Attractor
Dynamics:  A  Formal  Theory  of  Self-Concept  and  Self-
Engineering.  Fantasy  Attractor.

Attractor Dynamics in Belief
Formation,  Correction,  and
Mental  Health:  A  Research
Programme

Author: Robert Galida https://fantasyattractor.com/
Date: May 2026

Abstract
This paper applies the attractor framework (persistence under
disturbance) to belief systems and mental health.

We introduce three measurable concepts:

Attractor depth – how rigid or unstable a belief is.
Error half‑life – how long it takes for a false belief
to fade after correction.
Coupling strength to error signals – how open a belief
is to reality checks.
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We contrast two disorders:

OCD (obsessive‑compulsive disorder) may involve overly
deep (rigid) attractors.
Schizophrenia  may  involve  too  shallow  (unstable)
attractors – with appropriate caution.

We  propose  experiments  to  measure  error  half‑life,  detect
early warning signs of belief shifts (while managing false
alarms), and find the optimal pace for correction (“critical
damping”).

We also outline:

N=1 attractor engineering (self‑experimentation)
Wearable  early‑warning  systems  for  relapse  prevention
(discussing lag time and false positives)
Cross‑coupling  as  a  measure  of  resilience
(distinguishing healthy from brittle coupling)

This paper is a research roadmap, not a finished theory.

1. Introduction
In  the  attractor  framework,  your  mind  is  a  dissipative
attractor of your whole body – a pattern that needs energy,
can be disturbed, and can adapt (Galida, 2026, Persistence
Under Perturbation).
Beliefs are smaller attractors inside that landscape. Their
stability determines how easily you update when faced with
contradictory evidence.

This paper turns attractor concepts into testable ideas about
how beliefs form, stick, and change – and how to help them



change. It is a roadmap, not the final word.

2.  Attractor  Depth  and  Mental
Disorders
Neurocomputational models suggest a contrast between OCD and
schizophrenia, but we must be careful.

Disorder
Attractor
Property

Behavioural Sign Example Task

OCD
Too deep
(rigid)

Stuck, hard to
switch

Reversal learning
(changing rules)

Schizophrenia
Too shallow
(unstable)

Jumpy,
over‑sensitive

to noise

Delayed
match‑to‑sample
with distractions

Evidence:

Unmedicated OCD patients make many perseverative errors
on reversal‑learning tasks; this correlates with symptom
severity (Remijnse et al., 2006).
Reduced  NMDA/GABA  function  in  schizophrenia  makes
attractor networks unstable, leading to cognitive slips
and delusions (Rolls, 2021).

Caveats:

Mental disorders are complex, with multiple attractors.
We  are  talking  about  symptom  clusters,  not
whole‑disorder  diagnoses.
Disorders  like  anxiety,  depression,  and  personality
disorders  lie  in  the  middle  –  their  attractors
are  domain‑specific  (e.g.,  depression  has  deep



negative‑belief basins but shallow positive ones).

Prediction: Attractor depth could be measured from behaviour
(switching  rates,  reaction  time  variability)  by  fitting  a
two‑state hidden Markov model to reversal‑learning data – a
hypothesis for future work.

3. Error Half‑Life: A New Measure
of Belief Rigidity
Error half‑life T1/2T1/2​ is the time it takes for a false
belief’s  confidence  to  drop  by  half  after  you  present
corrective  evidence.

How to measure it

Give people a false belief (e.g., a made‑up fact).1.
Give them correct information (text, video) every day2.
for a while.
Ask them to rate their belief confidence (0–100) at3.
intervals.
Assume  a  simple  exponential4.
decay  model  C(t)=C0e−t/τC(t)=C0​e−t/τ  as  a  starting
point (real decay could be sigmoidal or power‑law).
Then T1/2=τln⁡2T1/2​=τln2.5.

What we expect in different conditions

Delusional  disorders  →  very  long  half‑life  (deep
attractor).
Depression → long half‑life for negative self‑beliefs,
but normal for positive ones (asymmetric updating).



Anxiety  →  short  half‑life,  but  possible  overshoot
(shallow basin → oscillation).

Therapeutic application
The goal is to shorten error half‑life. Methods like spaced
repetition and active recall (quizzing) could help – they
strengthen  corrective  memory  traces,  similar  to  memory
reconsolidation.

Relationship to attractor depth
Attractor depth is a static measure (inertia). Error half‑life
is a dynamic measure (recovery speed). They are related but
not the same: depth gives initial resistance, half‑life gives
the time course. We need both.

4.  Critical  Slowing  Down  Before
Belief Shifts
Before  a  sudden  change  of  belief  (e.g.,  leaving  a  cult,
political conversion, therapy breakthrough), you may see early
warning  signals  –  rising  variance,  higher  autocorrelation,
slower  recovery  from  small  disturbances.  This  is
called  critical  slowing  down  (Scheffer  et  al.,  2009).

How to detect it

Collect daily belief ratings, mood scores, or social
media sentiment.
Compute  rolling  variance  and  autocorrelation  with  a
moving window.
If they exceed a baseline threshold, a shift may be



coming.

False positive problem
Rising variance can be caused by other things (seasonal mood,
life events). To reduce false alarms:

Use  control  periods  (compare  with  a  stable  trait
belief).
Combine  multiple  signals  (HRV,  sleep,  activity)  with
self‑report.
Use  a  conservative  threshold  (e.g.,  3  standard
deviations above baseline).

This is a research tool, not a clinical diagnostic yet.

Prediction: You can detect these signals in diaries before a
person  deconverts,  changes  politics,  or  relapses  into
depression.  A  well‑timed  prompt  might  help,  but  false
positives  must  be  managed.

5.  Optimal  Correction  Dosing
(Critical Damping)
From control theory, there is an optimal pace for delivering
corrections:  not  too  slow  (oscillates),  not  too  fast
(overshoot/backfire).  This  is  called  critical  damping.

N=1 protocol

Vary the gap between corrections (massed vs. spaced).
Track belief confidence over time.
Measure how quickly and smoothly it changes.



Hypothesis: Spaced correction (e.g., daily micro‑doses) works
better than one big confrontation – a well‑known finding in
memory research (Ebbinghaus, spaced repetition). The twist is
applying  it  to  beliefs,  which  are  more  emotional  and
identity‑linked. The mechanism may be similar, but emotional
valence may change the optimal schedule.

6.  Fantasy  vs.  Shared  Reality
Attractors – Operational Metrics

Metric
Low Corrective
Permeability
(Fantasy)

High Corrective
Permeability

(Shared Reality)

Coupling to error
signals

Low (few
fact‑checks, no

update)

High (active
correction)

Basin depth
Deep (needs large

evidence)
Shallow (small
anomalies work)

Error‑correction
latency

Long (days/weeks) Short (hours/days)

Information diversity
tolerated

Low (echo chamber)
High (multiple

sources)

Double‑bind computational model
In  conspiracy  cultures,  contradictory  evidence  gets
reinterpreted as confirmation (“cover‑up”). We can model this
as  an  asymmetric  Bayesian
update:P(belief∣contrary evidence)≥P(belief∣supporting evidenc
e)P(belief∣contrary evidence)≥P(belief∣supporting evidence)

Example: Start with belief probability 0.9. A contrary piece
of evidence that would normally lower it to 0.3 is instead



interpreted as evidence of suppression, so the new probability
stays at 0.85. The belief drifts only slowly.

Breaking the loop: Indirect interventions work better than
direct refutation:

Point out internal inconsistencies.
Seed doubt through trusted messengers.
Use graduated reality‑testing.

7.  Wearable  Early  Warning  of
Attractor Shifts
Protocol:  Use  consumer  wearables  (HRV,  skin  conductance,
actigraphy,  sleep)  plus  daily  self‑reports  (mood,  belief
rigidity).  Compute  rolling  variance  and  autocorrelation  in
real time.

Evidence: Drops in nocturnal HRV preceded a depressive relapse
in a case study (Tonge et al., 2024).
Prediction: Rising variance/autocorrelation in HRV, plus mood
volatility, can predict an imminent crisis.

Latency and false alarms

Useful lead time is days, not hours. HRV changes can
appear 1–2 weeks before relapse.
False positives are a concern. Use a two‑stage alert:
first detect statistical anomaly, then confirm with a
brief self‑report (EMA).
Specificity needs to be established in longitudinal N=1
studies.



Intervention:  When  thresholds  are  crossed,  trigger  a
micro‑intervention  (mindfulness,  therapist  call)  –  a
closed‑loop  prevention  system.

8.  N=1  Attractor  Engineering  –
Minimal Perturbation Protocol
Goal: Find the smallest intervention that shifts a maladaptive
attractor  (phobia,  obsessive  thought)  without  causing
oscillation  or  backfire.

Procedure:

Define the target (e.g., fear rating 0–10).1.
Start with very low‑intensity perturbations (e.g., brief2.
exposure, mild counter‑evidence).
Measure change after each step.3.
When a threshold shift is detected (say, 30% reduction –4.
a provisional starting point; adjust based on baseline
variability), record the dose.
Back off slightly and check stability.5.

Principle: Never collapse an attractor faster than reality can
correct.  Use  fine  steps  (5–10%  increments)  and  frequent
monitoring.  This  is  precision  self‑regulation.
Generalisability from N=1 to populations is an open question
(see Section 12).

9. Cross‑Coupling as a Resilience



Metric
Hypothesis: High cross‑domain coupling (e.g., HRV ↔ mood ↔
sleep)  indicates  adaptive  resilience  –  the  system  is
coordinated  and  self‑correcting.  Low  coupling  or
unidirectional  cascades  indicate  brittle  coupling  (a
disturbance  in  one  area  spreads  uncontrollably).

Measurement:  Collect  simultaneous  time  series  (HRV,  sleep,
activity,  mood).  Compute  cross‑correlation  or  Granger
causality.

Adaptive = bidirectional, with negative feedback (e.g.,
poor sleep → lower HRV → mood drop → social support →
sleep improves).
Brittle = unidirectional, amplifying (e.g., sleep loss →
stress → more sleep loss).

Prediction:  Good  recovery  from  stress  shows  strong
bidirectional  influences.  Low  coupling  or  unidirectional
cascades will precede breakdowns.

Intervention:  Improve  adaptive  coupling  with  synchrony
exercises (e.g., daily breathing with light exposure, yoga,
social  rhythm  therapy).  Testable  in  an  N=1  self‑tracking
experiment.

10.  Philosophical  Extensions
(Brief)

Are  attractors  real?  Yes,  as  structural  patterns
(process metaphysics). They have causal power – like the
path of a river.



Free will as attractor autonomy – acting according to
your  own  attractor  is  compatibilist  freedom.  Our
framework adds that freedom is about basin width and
flexibility, not a binary.
Cosmic attractor – speculative. The universe might have
a  global  attractor  (e.g.,  heat  death),  but  it’s
untestable  now.
Darwinian problem of evil – animal suffering is a strong
challenge to theism; the “deep harmonies” hypothesis is
hard to falsify.

11. Open Questions and Next Steps

Can  error  half‑life  be  measured  reliably  from
smartphone‑based belief tracking? What decay model fits
best?
What  is  the  dose‑response  curve  for  corrective
interventions?  Linear,  exponential,  or  threshold?  How
does it vary with attractor depth?
Can  wearables  detect  early  warning  signs  before  a
psychiatric relapse? What are the false‑positive rates
and lead times?
Does  adaptive  cross‑coupling  improve  after
synchrony‑based therapies?
How are error half‑life and attractor depth related?
Same  thing  at  different  timescales,  or  different
constructs?
How can N=1 findings be aggregated into population‑level
knowledge? One approach: meta‑analysis of single‑subject
time series using hierarchical Bayesian models.



12. Conclusion
This research programme puts attractor dynamics to work on
beliefs and mental health.

We  have  proposed  testable  metrics  (attractor  depth,  error
half‑life, coupling strength) and experimental protocols for
N=1 self‑engineering and early warning.

The  framework  provides  a  naturalistic  language  for
understanding why some beliefs resist correction and how to
intervene optimally.

We  acknowledge  our  limitations  –  the  exponential  decay
assumption,  false  positives  in  early  warning,  and  the
generalisability  of  N=1  results  –  and  treat  them  as  open
questions for future work.

This extends the attractor trilogy into actionable health and
epistemology.

Suggested citation: Galida, R. S. (2026). Attractor Dynamics
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