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Preface

This monograph began with a simple observation about Mer-

cury.

In the nineteenth century, astronomers knew that the per-

ihelion of Mercury's orbit precessed at a rate that Newtonian

mechanics could not fully account for. The discrepancy was

small�a matter of forty-three arcseconds per century�and

yet it survived every repair that Newtonian astronomy could

o�er. New planetary bodies were hypothesized and searched

for. Atmospheric drag was measured and found insu�cient.

The oblate shape of the Sun was estimated and incorporated.

None of it worked. The anomaly persisted [44, 8].

The standard narrative presents this as a story about a

wrong theory waiting to be replaced [24, 25]. But that fram-

ing obscures the more important point: the anomaly was not

valuable because it was large. It was valuable because it

was stubborn. Its persistence under an expanding sequence

of repair operations was itself information�information not

about Mercury's orbit, but about the geometric structure of

the space in which the theory was trying to represent that

orbit.

This observation motivates the central thesis of the present

work.

vii
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Central Thesis. Persistent anomalies are evidence of miss-

ing representational structure, not merely inaccurate param-

eters.

Everything that follows is a development and mathema-

tization of this idea. We introduce a general theory of repair

algebras, de�ne a hierarchy of discrepancy types, develop a

Persistence�Obstruction Schema connecting repair-invariant

anomalies to obstructions in the representational geometry,

and propose a framework for ontology-expanding learning in

which persistent anomalies function as generators of repre-

sentational growth rather than targets of error minimization.

Throughout, we maintain the distinction between two modes

of failure: the failure of a model to �t observed data, and the

failure of a model's representational architecture to contain

any trajectory that could �t observed data. The �rst mode

is addressed by learning. The second mode requires ontology

revision. The monograph is, at its core, a mathematical ac-

count of how to distinguish them�and of why the distinction

so often goes undetected.

Several conceptual innovations introduced in the course of

the argument deserve special mention at the outset. Persis-

tence is shown to be relational: a property not of an anomaly

alone but of the pair (ε,R) where R is the repair algebra

available to the observer. Memory is shown to be not merely

useful but constitutively necessary for the computation of

persistence: without a remembered repair trajectory, no anomaly

can ever be recognized as persistent, and the entire hierarchy

of ontology revision collapses. The geometry of repair space

itself�the landscape of available transformations acting on

the model manifold�is identi�ed as the ultimate object of
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study.

The resulting picture synthesizes themes from philoso-

phy of science, information geometry, algebraic topology, and

adaptive systems [24, 1, 19, 11]. The RSVP framework of re-

lational scalar-vector-potential cosmology appears in Part VII

as one application domain among several, alongside modern

machine learning and scienti�c epistemology.

Flyxion, Canada, 2026



Part I

Repair Theory
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CHAPTER 1

Models, Observations, and Residuals

The most important question in science is not:

what is the answer? It is: what kind of question

is this?

attributed to various sources

1.1 Basic Setup

We begin with the most abstract possible setting for the re-

lationship between a model and its observations.

De�nition 1.1 (Model). A model is a triple (M,Σ, π) where

M is a state space, Σ is a space of observable outputs, and

π : M → Σ is a prediction map.

A model generates predictions. Observations are elements

of Σ that are not necessarily in the image of π. The discrep-

ancy between predictions and observations is what we call a

residual.

De�nition 1.2 (Residual). Given a prediction x̂ = π(m) for

2



1.2. The Scalar View of Learning 3

some m ∈ M and an observation xobs ∈ Σ, the residual is

ε = xobs − x̂

when Σ is a normed space, or more generally a section of

an appropriate bundle over Σ measuring the discrepancy be-

tween prediction and observation.

We deliberately leave the notion of �discrepancy� �exible

at this stage. In later chapters it will acquire geometric and

topological content. For now it su�ces to have some measure

of how far the prediction misses the observation.

1.2 The Scalar View of Learning

Classical learning theory reduces the quality of a model to a

single number at each point in observation space [42, 6, 39].

A model with small expected loss is considered adequate.

De�nition 1.3 (Loss-Minimizing Learner). A loss-minimizing

learner selects

m∗ = arg min
m∈M

E
[
L(π(m), xobs)

]
for some �xed loss function L : Σ× Σ → R≥0.

This scalar view is not wrong. For a vast range of prac-

tical problems it produces excellent models. The critique

developed in this monograph is that it succeeds in a way

that systematically conceals its own limits. The loss func-

tion cannot ask whether the representational architecture is

adequate [45, 40]; it can only ask how well the current archi-

tecture performs. We will argue throughout this monograph
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that the reduction of model quality to a scalar at each ob-

servation is not merely a computational convenience but an

ontological commitment�one that systematically suppresses

certain categories of information about model quality.

1.3 Trajectories and Trajectory Manifolds

Many interesting observations arise not as isolated points but

as trajectories: sequences or paths through observation space

indexed by time or some other parameter.

De�nition 1.4 (Trajectory Manifolds). Let γp, γo : [0, T ] →
Σ denote the predicted and observed trajectories respectively.

As initial conditions vary, these sweep out submanifoldsMpred

and Mobs of the trajectory space Γ(Σ). We call these the

predicted and observed trajectory manifolds.

The relationship between Mpred and Mobs�metric, geo-

metric, topological, and categorical�is the central object of

study in this monograph. A pointwise residual ∥γo(t)− γp(t)∥
discards most of the interesting information carried by this

pair. The tools developed below allow us to recover it.

Derivation 1: Residuals and Repair Sequences

Let M be a model, ot an observation, and ôt = M(ht) the

prediction generated from history ht. The ordinary residual

is

εt = ot − ôt.

A repair operation is a map Ri : E → E acting on residual
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space E . A sequence of repairs produces

ε
(n)
t = RnRn−1 · · ·R1(εt).

The anomaly is transient if limn→∞ |ε(n)t | = 0, and persistent

if lim infn→∞ |ε(n)t | > 0. Persistence is therefore not simply

error magnitude. It is the failure of error to vanish under

admissible repair.



CHAPTER 2

The Algebra of Repair

2.1 Repair Operations and the Relational Character

of Persistence

De�nition 2.1 (Repair Operation). A repair operation is a

map R : E → E on the space of residuals satisfying ∥R(ε)∥ ≤
∥ε∥ for all ε, with R(ε) = 0 whenever ε is attributable to a

speci�c class of modi�able parameters within the model.

Repair operations model the actions available to a learn-

ing system: adjusting parameters, changing coordinate sys-

tems, adding mechanisms, revising priors. Di�erent repair

operations correspond to di�erent levels of intervention in

the model.

Example 2.2. For a physical model with measurement un-

certainty σ, a Level-0 repair operation might subtract esti-

mated bias:

R0(ε) = ε− µ̂

where µ̂ is the estimated systematic error. This repair is

admissible whenever the model has a free parameter corre-

sponding to measurement o�set.

6
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Persistence 7

De�nition 2.3 (Repair Algebra). A repair algebra R =

{Ri}i∈I is a collection of repair operations closed under com-

position. The algebra is admissible for a model M if every

Ri ∈ R corresponds to a modi�cation available within M's

representational architecture.

The admissibility condition is crucial. A repair algebra

for Newtonian celestial mechanics includes operations like ad-

justing masses, adding new gravitational bodies, and re�ning

orbital parameters. It does not include changing the back-

ground geometry from �at to pseudo-Riemannian space�

that operation lies outside the algebra. The notion that scien-

ti�c progress proceeds through structured modi�cation rather

than wholesale replacement has deep precedents in research

programme methodology [25].

This observation leads immediately to the relational char-

acter of persistence. The same anomaly can be transient rel-

ative to one repair algebra and persistent relative to another.

A modern neural network can absorb anomalies that would

immediately force promotion in a simpler model. A Newto-

nian astronomer and an Einsteinian physicist have access to

di�erent repair algebras, and the same residual presents very

di�erently to each.

Derivation 2: Persistence Relative to a Repair Alge-

bra

Let R be the repair algebra generated by admissible opera-

tions Ri. De�ne the persistence of an anomaly as

P (ε,R) = inf
R∈⟨R⟩

∥R(ε)∥ .
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If P (ε,R) = 0, the anomaly is repairable within the current

ontology. If P (ε,R) > 0, the anomaly contains structure

not removable by the available repair algebra. This makes

persistence relational: the same anomaly may be transient

for one observer and persistent for another, depending on

what repairs are available.

2.2 The Persistence Invariant and Fixed Points

De�nition 2.4 (Repair Closure and Persistence Invariant).

De�ne the repair closure operator

CR(ε) = lim
n→∞

Rn · · ·R1(ε),

where the limit is taken over optimal repair sequences. The

persistence invariant is

PersR(ε0) = ∥CR(ε0)∥ .

An anomaly is transient if PersR(ε0) = 0 and persistent if

PersR(ε0) > 0.

The central claim of this monograph is that persistence

carries more information than magnitude. A residual of mag-

nitude 10−3 that is persistent is more informative about rep-

resentational limits than a residual of magnitude 103 that is

transient.

When the persistence invariant is non-zero, the limit ε∗ =

CR(ε0) satis�es a �xed-point condition.

Proposition 2.5 (Persistence Fixed Point). Let R be a con-

tractive repair algebra on a complete residual space E. Then
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every persistent anomaly contains a non-zero �xed-point com-

ponent ε∗ satisfying

R(ε∗) = ε∗ for all admissible R ∈ R.

Proof. By contractivity, the sequence Rn · · ·R1(ε0) converges

in E by the Banach �xed-point theorem. If the limit ε∗ is

non-zero, then applying any R ∈ R to ε∗ produces a further

contraction. Since ε∗ is already the in�mum of the repair

sequence, ∥R(ε∗)∥ ≥ ∥ε∗∥. Combined with ∥R(ε∗)∥ ≤ ∥ε∗∥,
we obtain R(ε∗) = ε∗.

This gives a precise interpretation: persistent anomalies

are �xed points of repair. They are the components of a resid-

ual that the repair dynamics cannot move, the irreducible

remainder after all available repair has been exhausted.

2.3 The Repair Hierarchy

Real learning systems do not apply all repair operations si-

multaneously. They apply them in order of cost, preference,

or availability. This gives rise to a natural hierarchy.

De�nition 2.6 (Repair Hierarchy). A repair hierarchy is a

sequence of repair algebras

R0 ⊂ R1 ⊂ R2 ⊂ · · · ⊂ RK

where each Rk is a strict extension of Rk−1 with higher op-

erational cost.

Level-0 repairs are cheapest: spelling corrections, parame-

ter nudges, calibration adjustments. Level-1 repairs are more
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expensive: coordinate changes, mechanism additions. Higher

levels involve more fundamental alterations to the model's

architecture.

De�nition 2.7 (Promotion). An anomaly ε is promoted from

level k to level k + 1 when

PersRk
(ε) > 0 but the system attempts R ∈ Rk+1.

Promotion occurs when every cheaper repair has been ex-

hausted.

The promotion process gives a procedural de�nition of a

tear: an anomaly that has survived every repair at every level

below some threshold is a candidate for a structural, rather

than parametric, diagnosis.

2.4 Repair Triage

De�nition 2.8 (Repair Triage). Repair triage is the process

by which a learning system:

(i) presents an anomaly to the lowest available repair level,

(ii) promotes it if the repair fails,

(iii) continues promotion until either the anomaly is ab-

sorbed or the highest available level is reached,

(iv) �ags anomalies that survive all levels as candidates for

ontology revision.

Under this view, learning is not primarily error reduction.

It is the continuous operation of a triage process that sorts
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anomalies by their structural depth. Most anomalies are re-

solved at low levels. The valuable ones are those that climb.



CHAPTER 3

Repair as Experiment

3.1 The Epistemic Status of Failed Repairs

Each repair attempt is an experiment: a test of the hypoth-

esis that the anomaly is attributable to a speci�c class of

correctable features [35, 17]. When a repair fails�when the

anomaly survives�the experiment has a negative result. As

repair attempts accumulate, the surviving anomaly is pro-

gressively puri�ed. Each failed repair eliminates one more

explanation that does not work. What remains after exhaus-

tive application of a repair algebra is, in a precise sense, the

irreducible content of the anomaly.

Proposition 3.1 (Puri�cation by Repair). Let ε0 be an anomaly

and let R = {R1, . . . , Rn} be a �nite repair algebra. Then

PersR(ε0) represents the component of ε0 that is orthogonal

to every repair direction in R.

Sketch. Each Ri de�nes a subspace of the residual space in

which it can reduce anomalies. The image of the full repair

sequence is the projection onto the orthogonal complement

of the span of these subspaces. The persistence invariant is

the norm of this projection.

12
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The repair sequence is therefore not merely a sequence

of attempts. It is a measurement process. The outcome of

the measurement is the persistence invariant. A sequence

that converges to zero reports: this anomaly was local. A

sequence that plateaus reports: this anomaly has revealed a

boundary.

3.2 The Memory Requirement

A critical but easily overlooked requirement for repair triage

is memory. A system without memory of its own repair his-

tory cannot recognize that an anomaly is old. It treats each

repair attempt as fresh, potentially repeating the same repair

inde�nitely while the anomaly remains persistent. The sur-

vival record does not exist, and therefore promotion cannot

occur.

Theorem 3.2 (No Persistence Without Memory). Let L be a

memoryless learner seeing only the current residual εt. Then

there exists no function f(εt) capable of computing P (ε,R).

Persistence necessarily depends on a trajectory (ε0, ε1, . . . , εn).

Memory is therefore a necessary condition for persistence de-

tection.

Proof. Suppose for contradiction that P (ε,R) = f(εt) for

some function f . Consider two repair histories: (A) anomaly

ε encountered for the �rst time, with no prior repairs applied;

and (B) anomaly ε encountered after n failed repairs in di-

verse repair classes. In both cases εt = ε, so f(εt) takes the

same value. But P (ε,R) in case (B) is strictly greater: in (B)

we know n repair classes have been exhausted, establishing
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a lower bound on persistence absent in (A). Therefore f(εt)

cannot compute P (ε,R) from εt alone.

This demotes memory from a supporting concept to a

foundational one. Earlier frameworks might have said: mem-

ory stores the history of learning. The repair-triage frame-

work implies something stronger. This view aligns with broader

perspectives that treat memory as constitutive of adaptive in-

telligence rather than passive storage [21, 11].

Derivation 6: Memory as the Condition for Persis-

tence

Persistence cannot be computed from a single residual. It

requires a remembered repair trajectory:

ε → R1(ε) → R2R1(ε) → · · · → Rn · · ·R1(ε).

A memoryless learner sees only εt. A memory-bearing learner

sees the sequence {ε(0), ε(1), . . . , ε(n)}. Memory is therefore

not merely storage. It is the structure that makes persistence

measurable. The dependency chain follows:

Memory ⇒ Persistence ⇒ Promotion ⇒ Ontology Revision ⇒ Learning.

Most theories treat memory as a component of learning. The

repair-triage framework suggests that learning itself may be

a consequence of maintaining persistent repair histories long

enough for anomalies to climb the hierarchy.
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3.3 The Admissibility Log

The operational implementation of repair triage requires a

structured record. We call this the Admissibility Log : a data

structure that stores not merely whether a repair failed, but

the full repair path.

De�nition 3.3 (Admissibility Log). An Admissibility Log for

an anomaly ε0 is a record

(ε0, R1, ε1, R2, ε2, . . . , Rn, εn)

storing the sequence of repairs attempted and residuals pro-

duced. The Log enables computation of the persistence tra-

jectory and supports detection of path-dependence in the re-

pair sequence.

De�nition 3.4 (Admissibility Pressure). De�ne the admis-

sibility pressure accumulated after n repairs as

An =
n∑

i=1

wi · 1(Ri failed),

where wi weights repairs by level: wi = k for a level-k repair.

Large An indicates repeated failed repairs across multiple lev-

els.

Proposition 3.5 (Promotion Threshold). If admissibility pres-

sure exceeds a critical value An > Ac, then every rational

repair policy promotes the anomaly to a higher repair level,

since the expected cost of further low-level repair exceeds the

expected bene�t of persistence reduction.



3.4. Repair Triage as the Primary Operation of Learning 16

Sketch. The expected utility of continuing level-k repair after

n failures is Bk · Pr(success)− Ck, where Bk is the bene�t of

reducing persistence at level k and Ck is the cost per attempt.

After n failures, Bayesian updating drives Pr(success) → 0.

For Ac corresponding to the point at which this expectation

becomes negative, rational policy promotes.

The Admissibility Log supports four diagnostic signals:

the current residual size |εn|; the residual slope d|εn|/dn mea-

suring how quickly repairs are becoming less e�ective; the

repair diversity, counting how many distinct repair classes

have been attempted; and the loop inconsistency, measuring

whether di�erent repair paths from the same starting point

converge to equivalent endpoints.

3.4 Repair Triage as the Primary Operation of Learn-

ing

We may now o�er a recharacterization of learning that will

be developed throughout the rest of this monograph. Under

the repair-triage view, learning is not primarily error reduc-

tion. It is the continuous operation of a triage process that

sorts anomalies by their structural depth. Most anomalies

are resolved at low levels. The valuable ones are those that

climb.
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CHAPTER 4

Why Some Anomalies Survive

4.1 The Information Content of Persistence

The question we must now address is not merely empirical�

not simply �some anomalies happen to be persistent��but

explanatory: why do some anomalies survive every repair?

What structure in the world, or in the relationship between

the world and the model, causes them to be immune to repair?

We propose the following answer, which the remainder of

Part II and all of Part III will develop rigorously.

An anomaly is persistent because it encodes information

about the shape of the boundary of the model's representa-

tional space. It is not pointing at a fact about the object being

modeled. It is pointing at a fact about the coordinate system

being used to model it. The repair algebra cannot remove it

because no operation in the algebra addresses coordinates�

only contents.

4.2 Parameter Error versus Structural Error

De�nition 4.1 (Parameter and Structural Error). A residual

ε is a parameter error if xobs ∈ π(M)�the observation lies in

18
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the model's image and the model simply has wrong parameter

values. It is a structural error if xobs /∈ π(M): no parameter

adjustment can remove it.

The distinction parallels that between parameter estima-

tion and model misspeci�cation in statistical learning the-

ory [42, 28].

Proposition 4.2 (Persistence Detects Structural Errors).

Let Rparam be the repair algebra of all parameter adjustments

within M. If PersRparam(ε) > 0, then ε is a structural error.

Proof. If ε is a parameter error, there exists m′ ∈ M with

π(m′) = xobs, so the adjustment R : m 7→ m′ satis�es R(ε) =

0. Contrapositive gives the result.

A parameter error is always transient: the repair opera-

tion of adjusting parameters can reduce it to zero. A struc-

tural error may be persistent even under in�nitely many pa-

rameter adjustments, because parameter adjustment does not

expand the image of π. The Persistence Principle, in its most

basic form, asserts that persistence is a diagnostic for struc-

tural error.

4.3 The Spectral Decomposition of Persistence

The persistence invariant P (ε,R) treats persistence as a scalar.

But repairs act di�erently on di�erent modes of an anomaly,

and the richer structure of this action is itself informative.

The decomposition of anomalies into repair-sensitive and repair-

invariant modes is inspired by spectral methods throughout

information geometry and dynamical systems [1, 16].



4.3. The Spectral Decomposition of Persistence 20

De�nition 4.3 (Persistence Spectrum). Let R act on resid-

ual space E . Decompose ε =
∑

i εi into modes that diagonal-

ize the action of R, with persistence eigenvalues λi de�ned

by

R(εi) = λiεi.

The persistence spectrum of ε is the multiset {λi}.

Three regimes follow. Modes with λi < 1 decay under

repair: these are the correctable components of the anomaly.

Modes with λi = 1 are invariant: repairs act on them triv-

ially, and they persist regardless of how many repair steps

are taken. Modes with λi > 1 are ampli�ed by repair�the

anomaly in these modes becomes more visible as repairs ac-

cumulate.

The ampli�ed case is particularly striking. It describes

anomalies that repair makes sharper rather than smaller. The

historical career of Mercury's perihelion may have this charac-

ter: as Newtonian mechanics became more precise and other

perturbations were calculated more accurately, the residual of

forty-three arcseconds became more undeniable rather than

fading into observational noise.

The persistence invariant is then the norm of the invariant

subspace:

PersR(ε) =

∥∥∥∥∥∑
λi=1

εi

∥∥∥∥∥ .
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4.4 Repair Curvature and Repair Entropy

De�nition 4.4 (Repair Curvature and Repair Entropy). Let

pn =
∥∥ε(n)∥∥. The repair curvature is

κR =
d2pn
dn2

.

Positive κR means repairs are becoming less e�ective: the rate

of improvement is decelerating, indicating that the anomaly

is approaching its persistent component. Let SR(n) be the

cumulative complexity added by n repair steps. The repair

e�ciency is

ER =
−∆pn
∆SR

.

A healthy repair sequence has high ER. A convergence-trap

sequence has ER → 0 as SR grows without bound.

Positive repair curvature is a pre-failure signal: it allows a

learner to detect the approach to a representational boundary

before the residual fully plateaus, providing earlier warning

than persistence monitoring alone.

4.5 Local and Global Persistence; Fragility

De�nition 4.5 (Local and Global Persistence). An anomaly

has local persistence if it survives every local repair�every

modi�cation to a bounded region of the model's parameter

space�but disappears under a global coordinate transforma-

tion. It has global persistence if it survives global transfor-

mations as well.

Mercury's precession is a case of global persistence: it sur-
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vived not only local parameter adjustments but every global

transformation available within Newtonian mechanics. Dis-

tinguishing local from global persistence helps identify the

scope of the required repair.

De�nition 4.6 (Fragility). The fragility of an anomaly ε is

F (ε) = Eδ

[
∥ε− δ(ε)∥

]
where δ ranges over small perturbations of the observation. A

genuine structural anomaly should be simultaneously highly

persistent and low-fragility: it should be robust to small

changes in the observation while resisting repair.

Fragility provides a �lter against false positives in persis-

tence detection. The joint criterion P (ε,R) > 0 and F (ε)

small distinguishes genuine structural anomalies from coinci-

dental persistence. A noisy residual may appear persistent

under a speci�c repair sequence while being highly fragile;

a genuine tear is stable under both the repair sequence and

perturbation of the observation.



CHAPTER 5

The Anatomy of Stubbornness

5.1 Historical Cases

Before proceeding to the mathematical framework, we exam-

ine three historical cases in which small persistent anomalies

ultimately required ontology revision. These cases will serve

as recurring touchstones throughout the monograph.

5.1.1 The Perihelion of Mercury

Mercury's perihelion precesses at approximately 574 arcsec-

onds per century. Of this, Newtonian mechanics can account

for about 531 arcseconds due to perturbations from other

planets. The residual of 43 arcseconds per century survived

every repair available within classical mechanics [44]. The

anomaly's persistence spectrum contained invariant modes

that no Newtonian repair could address, because the invari-

ant subspace lay outside the image of the Newtonian repair

algebra. As documented in detail in Part VII, this anomaly

climbed every level of the Newtonian repair hierarchy be-

fore requiring the replacement of Euclidean spacetime with

pseudo-Riemannian geometry.

23
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5.1.2 The Michelson�Morley Experiment

The 1887 Michelson�Morley experiment [29] found no de-

tectable variation in the speed of light depending on the

Earth's orientation relative to the hypothetical luminiferous

ether. The expected signal was small but well within the ex-

periment's sensitivity. The null result was anomalous: clas-

sical mechanics predicted a positive result. Decades of repair

attempts�modi�ed ether drag hypotheses, Lorentz�FitzGerald

contraction, revised ether models�failed to absorb the anomaly

while preserving the broader classical framework. The anomaly's

λ = 1 modes corresponded to the invariance of c, accommod-

able only by replacing the Galilean transformation group with

the Lorentz group.

5.1.3 Blackbody Radiation and the Ultraviolet Catastrophe

Classical thermodynamics and electromagnetic theory, com-

bined via the equipartition theorem, predicted that a black-

body should radiate in�nite energy at high frequencies. The

observed spectrum was dramatically di�erent at short wave-

lengths [33]. Despite extensive attempts to modify the classi-

cal derivation, no repair within the classical framework repro-

duced the observed Planck distribution. The repair entropy of

classical attempts was large and growing before Planck intro-

duced energy quantization. This new element�the quantum

of action�had no analogue in the classical repair algebra.

The repair sequence was branching, not converging, before

the ontology revision occurred.
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5.2 Common Structure

These three cases share a common structure that motivates

the theoretical framework developed in subsequent chapters.

In each case:

(i) The anomaly was numerically small relative to the total

predictive success of the prevailing theory.

(ii) The anomaly was persistent : it survived an extended

sequence of increasingly sophisticated repair attempts

within the existing representational framework.

(iii) Repair curvature was positive throughout the failure

period, signaling the approach to a boundary before

the residual fully plateaued.

(iv) The eventual resolution required ontology revision: the

introduction of representational structures absent from

the original framework.

(v) In retrospect, the anomaly was not about the phenomenon

being modeled (Mercury's orbit, light propagation, ther-

mal radiation). It was about the geometry of the theory

being used to model it.

This common structure is what the Persistence�Obstruction

Schema in Part III will formalize.



Part III

Topological and

Categorical Obstructions
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CHAPTER 6

A Hierarchy of Discrepancy

6.1 Two Orthogonal Axes

The space of possible anomalies is structured along two or-

thogonal axes. The �rst axis concerns where the discrepancy

lives�its type in a mathematical sense. The second axis con-

cerns how it behaves under repair�its persistence character.

Together they form a matrix that is considerably richer than

any single hierarchy.

6.1.1 Axis I: Type of Discrepancy

Level 0: Numerical. The discrepancy is a scalar or vector

in a normed space:

δ0 = ∥xobs − xpred∥ .

Level 1: Geometric. The discrepancy involves distances

between manifolds, Hausdor� metrics, or Riemannian curva-

ture di�erences:

δ1 = dgeom(Mobs,Mpred).

27
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Level 2: Topological. The discrepancy is captured by an

obstruction class in a cohomology theory:

δ2 = [τ ] ∈ Hk(M ; G)

for some coe�cient group G. The use of homotopy and coho-

mology as indicators of structural distinction follows standard

treatments in algebraic topology [19, 4].

Level 3: Categorical. The discrepancy is the failure of a

diagram of morphisms to commute:

f ◦ g ̸= h ◦ k

even though the model requires f ◦g = h◦k. This is a failure
at the level of representational architecture itself. Such fail-

ures are naturally expressed within category-theoretic frame-

works [27, 2, 37].

6.1.2 Axis II: Persistence Character

Transient. The anomaly vanishes under admissible repair.

Stable. The anomaly is reduced but not eliminated; it re-

mains at the same discrepancy type.

Persistent. The anomaly survives arbitrarily long repair

sequences.

Invariant. The anomaly is invariant under the full admissi-

ble repair algebra and represents a genuine structural feature.
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6.2 The Discrepancy Matrix

These two axes organize the space of anomalies as follows.

Transient Stable Persistent Invariant

Numerical Calibration error Systematic bias Structural mismatch Missing parameter

Geometric Coord. choice Fit residual Manifold incompatibility Wrong geometry

Topological Local obstruction Boundary e�ect Genuine tear Ontological gap

Categorical Model bug Symmetry break Diagram failure Ontology boundary

The cells in the rightmost column represent anomalies

where no admissible repair can help. They are the candi-

dates for ontology revision. The cells in the bottom-right

corner represent the most structurally deep: categorical in-

variants that survive all repair and signal that the category

of models being considered is itself the wrong one.

6.3 Why Types Matter

The type of a discrepancy determines what kind of interven-

tion is appropriate. Applying a numerical repair to a topolog-

ical discrepancy does not merely fail�it consumes resources

while providing false evidence that the anomaly is being ad-

dressed.

This is the Ptolemaic failure mode. The repair type was

systematically mismatched to the discrepancy type. Epicy-

cles are numerical and geometric repairs. The heliocentric

structure of the solar system is a categorical revision. No ac-

cumulation of epicycles could address a categorical discrep-
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ancy, because the operations involved do not interact with

the relevant level.

The discrepancy matrix therefore has diagnostic value.

When a repair sequence converges without reaching zero, de-

termining which type of discrepancy has been reached allows

the system to identify the appropriate level of intervention.



CHAPTER 7

Non-Abelian Tears

7.1 Abelian and Non-Abelian Structure

The terminology �non-abelian tear� requires explanation. In

algebra, a structure is abelian if its operations commute: a+

b = b+a, or more generally xy = yx. A non-abelian structure

is one in which the order of operations matters.

The canonical example is rotation in three dimensions.

Rotating a rigid body by ninety degrees around the x-axis

followed by ninety degrees around the y-axis produces a dif-

ferent orientation than performing these operations in the

reverse order. The group of rotations SO(3) is non-abelian.

The relevance to anomalies is the following. If two tra-

jectory histories can be continuously identi�ed�if one can

be smoothly deformed into the other while preserving all rel-

evant structure�then the order in which their constituent

operations are composed does not a�ect the �nal result. The

identi�cation is abelian in this sense. If the histories can-

not be continuously identi�ed while preserving their compo-

sitional structure, then order matters, and the discrepancy is

non-abelian.

31



7.2. Small Metric Distance, Large Topological Distance 32

De�nition 7.1 (Non-Abelian Tear). Let Mpred and Mobs be

trajectory manifolds over a common base space B. A non-

abelian tear is an obstruction to the existence of a homotopy

equivalence

ϕ : Mpred
≃−→ Mobs

compatible with the compositional structure of the trajectory

algebras. In favorable geometric settings, it is represented by

a non-trivial class

[τ ] ∈ H1(M ; π1(Diff(M)))

or, in the categorical setting, a failure of a natural isomor-

phism between functors representing the two trajectory his-

tories.

Remark 7.2. The term �non-abelian� here refers to the non-

commutativity of the path algebra, not to a speci�c group.

A tear can be non-abelian even when the underlying man-

ifold is simply connected, provided the obstruction involves

composition of trajectories in an essential way.

7.2 Small Metric Distance, Large Topological Dis-

tance

The crucial property of non-abelian tears is that they can

correspond to arbitrarily small metric distances. Two mani-

folds can be metrically close�every point in one is near some

point in the other�yet topologically distinct in ways that no

smooth deformation can remove. The obstruction-theoretic

viewpoint follows classical constructions in algebraic topology

and sheaf theory [41, 23].
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The simplest example is the Möbius band and the annu-

lus. They are locally similar and homotopy equivalent to a

circle, but they are not homeomorphic as surfaces: one is

non-orientable and the other is orientable. A model work-

ing in annulus-coordinates cannot represent trajectories that

wind non-trivially around the Möbius band, regardless of how

�nely it samples the metric distance between them.

This is the mathematical content of the earlier observation

that �the learner sees small error; the topology sees di�erent

universe.� The metric distance measures how close the two

descriptions are as collections of points. The topological in-

variants measure whether they belong to the same homotopy

class. These are genuinely orthogonal quantities.

7.3 Holonomy as a Diagnostic

The most computationally tractable probe of topological dis-

crepancy is holonomy. Parallel transport around a closed loop

in a curved space does not return a vector to its original ori-

entation. The accumulated rotation is the holonomy of the

loop, and it measures the curvature enclosed. The geomet-

ric interpretation of path-dependence through holonomy is

standard in di�erential geometry and gauge theory [31, 12].

De�nition 7.3 (Trajectory Holonomy Discrepancy). Let ℓ

be a closed loop in trajectory space, and let Ppred(ℓ) and

Pobs(ℓ) denote parallel transport around ℓ under the predicted

and observed connections respectively. The holonomy dis-

crepancy is

Hol(ℓ) = Pobs(ℓ) ◦ Ppred(ℓ)
−1.

If Hol(ℓ) = id for every loop ℓ, the two connections are
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locally equivalent. If Hol(ℓ) ̸= id for some ℓ, the discrepancy

has topological content that no local adjustment can remove.

Proposition 7.4 (Holonomy Detects Tears). If Hol(ℓ) ̸= id

for some loop ℓ, then Mpred ̸≃ Mobs in the homotopy category

of manifolds with connection.

The signi�cance of this result is practical: holonomy can

in principle be estimated from trajectory data without com-

puting full cohomology. A learner can probe the holonomy of

loops in its trajectory space to detect the presence of struc-

tural discrepancies before they become visible as large metric

errors.

Derivation 5: Non-Abelian Tears as Holonomy

Let γ1, γ2 be two histories connecting the same apparent end-

points in state space. In an abelian regime, the transport

operators satisfy Tγ1 = Tγ2 , so order does not matter. In a

non-abelian regime,

H(γ1, γ2) = Tγ1T
−1
γ2

̸= I.

The residual transformation H(γ1, γ2) is the holonomy of the

tear. IfH = I, the discrepancy is locally repairable. IfH ̸= I,

the two histories cannot be identi�ed without adding struc-

ture. The commutator test for practical detection: compare

RaRb(ε) versus RbRa(ε). If [Ra, Rb](ε) ̸= 0 across diverse

repair families, the anomaly has path-dependence�the oper-

ational signature of a non-abelian tear. Persistent error says

�something is hard to �x.� Persistent non-commutation says

�the representation is missing structure.� The Admissibility
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Log stores the full repair path precisely to enable this test.

7.4 Saliency as Accumulated Curvature

De�nition 7.5 (Holonomy Saliency). The saliency of a re-

gion U in state space is proportional to the maximum holon-

omy discrepancy accumulated by loops passing through U :

Sal(U) ∝ sup
ℓ∋U

∥Hol(ℓ)∥ .

Under this de�nition, saliency is not the magnitude of lo-

cal prediction error. It is the accumulated curvature of the

discrepancy between predicted and observed trajectory bun-

dles. A region can have zero local error and high saliency

if the discrepancy has curvature that concentrates around it.

This is precisely the regime in which conventional anomaly

detection fails: a learner that monitors ∥xobs − xpred∥ point-

wise will assign zero saliency to a region with zero local error,

even if that region lies at the center of a non-trivial holonomy

loop.



CHAPTER 8

The Persistence�Obstruction Schema

8.1 Statement

We now state the central result of this monograph. It es-

tablishes the bridge between repair-theoretic persistence and

topological obstruction: not merely that they are related,

but that persistence is obstruction, in a precise cohomolog-

ical sense. The result is stated as a principle and schema

rather than a theorem, because its precise form depends on

the geometric setting and the conclusion holds in full gener-

ality only under assumptions that must be veri�ed case by

case [19, 41].

Principle 8.1 (Persistence�Obstruction Schema). Let M
be a model with admissible repair algebra R, and let ε0
be an anomaly with PersR(ε0) > 0. Then there is an ob-

struction to continuously extending the repair sequence to

zero, represented�in favorable geometric settings, particu-

larly when M carries a manifold structure and R acts by

di�eomorphisms�by a non-trivial cohomological class

[τ(ε0)] ̸= 0
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in an appropriate cohomology theory associated with M, on

which every admissible repair acts trivially.

Constructive argument for the manifold case. Let {Rn} be an
arbitrary admissible repair sequence and let εn = Rn · · ·R1(ε0).

By hypothesis, infn ∥εn∥ > 0 for every such sequence. Conse-

quently there exists an open set U ⊂ E containing 0 such that

no repair path enters U . The complement E \U is closed and

contains all repair paths. The residual ε0 lies in a connected

component C of E \ U that admits no path to 0, de�ning a

non-trivial element in H0(E \ U ;Z).
For the cohomological re�nement: the repair algebra R

acts on E by a family of maps, de�ning a sheaf SR over the

space of model parameters. Persistence of ε0 means the stalk

of this sheaf at 0 does not contain the section de�ned by

[ε0]. The obstruction to extending this section to 0 is a class

in H1(M; SR). This class is non-trivial by assumption, and

every admissible repair acts on it by a coboundary, hence

trivially in cohomology.

Remark 8.2. The precise cohomology theory varies by con-

text. For trajectory manifolds, the relevant class is typically

in H1(M ; π1(Aut(M))). For categorical models, it is a nat-

ural transformation obstruction in Ext1(C,D). For learning

systems, it corresponds to representational non-identi�ability.

In all cases, the schema licenses the inference: persistent

anomaly implies structural obstruction.

Derivation 7: The Persistence�Obstruction Principle

Let ε be an anomaly and R an admissible repair algebra. If
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P (ε,R) > 0, then there exists an obstruction class [τ(ε)] ̸= 0

in the representational geometry associated with the model.

Informally:

persistent anomaly ⇒ non-trivial obstruction ⇒ missing structure.

The repair sequence is an experiment. If its limit is zero, the

anomaly was local. If its limit is non-zero, the anomaly has

revealed a boundary of the model's admissibility manifold.

The obstruction class [τ(ε)] characterizes the shape of that

boundary.

8.2 The Convergence Gap

The mathematical heart of the Ptolemaic Principle is a single

observation about convergence in two di�erent spaces.

Derivation: The Convergence Gap

Let εn → 0 while [τn] = [τ0] ̸= 0. Then

lim
n→∞

∥εn∥ = 0 does not imply lim
n→∞

[τn] = 0.

Convergence in residual space is strictly weaker than conver-

gence in representational space. A repair sequence can drive

the numerical manifestation of an anomaly to zero while leav-

ing its cohomological class intact. The tear has not been

dissolved. It has been hidden.
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8.3 The Repair Landscape

De�nition 8.3 (Repair Graph and Repair Landscape). De-

�ne the repair graph GR = (V,E) where vertices are model

states and edges are admissible repairs. The repair distance

between states x and y is the shortest path length dR(x, y)

in this graph. The repair landscape of M is the metric space

(M, dR).

Derivation 8: The Repair Landscape

The repair graph GR makes ontology boundaries visible as

disconnected components. When dR(x, y) = ∞�when no

�nite sequence of admissible repairs connects x to y�the

two states belong to di�erent connected components of repair

space. Ontology revision is the operation of crossing a dis-

connected boundary: acquiring a repair operation that con-

nects previously unreachable components. The repair land-

scape therefore encodes both the capacity and the limits of

the current representational architecture in a single geometric

object.

Two models may produce identical residuals and identi-

cal persistence invariants yet have dramatically di�erent re-

pair landscapes. One may have many short repair paths to

the correct ontology; another may require crossing enormous

barriers. The landscape determines not just whether ontology

revision is possible but how di�cult it is to reach.
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8.4 The Persistence Principle

Principle 8.4 (Persistence Principle). Let M be a model

and R its admissible repair algebra. An anomaly satisfying

PersR(ε) > 0 encodes information about the representational

structure ofM rather than information about the state being

represented:

PersR(ε) > 0 =⇒ structural obstruction in (M,R).

In words: a persistent anomaly is not a fact about the

world. It is a fact about the geometry of the model used to

represent the world.



Part IV

Admissibility and

Ontology Boundaries

41



CHAPTER 9

Admissibility Manifolds

9.1 Admissibility as Continuation

A model does not merely assign probabilities or predictions

to states. It de�nes a region through which trajectories can

be coherently extended. This region is the admissible domain

of the model.

De�nition 9.1 (Admissibility Manifold). The admissibility

manifold A(M) of a model M is the maximal subspace of Σ

through which the model's prediction map π admits a con-

tinuous extension under the dynamics generated by M.

Admissibility is a property of continuation rather than

probability. A state may have very low probability under a

model's distribution and still be admissible�the model can

track it, explain it, continue the trajectory through it. Con-

versely, a state may appear likely under some measure but be

inadmissible if the model cannot generate a coherent trajec-

tory passing through it.

Example 9.2. In classical Newtonian mechanics, the admis-

sibility manifold is essentially all of phase space: any initial
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condition generates a unique forward trajectory. But within

the context of a speci�c model of the solar system�with �xed

masses and known planets�the admissible region is the set

of initial conditions compatible with observed planetary con-

straints. Mercury's observed trajectory is admissible in this

restricted sense: Newtonian mechanics can track it. What is

inadmissible is the speci�c precession rate, which the model

cannot reproduce regardless of parameter choice.

9.2 The Boundary of Admissibility

The boundary of A(M) is the set of states at which the

model's coordinate chart begins to fail. Near the bound-

ary, trajectories become increasingly di�cult to extend: the

model requires more and more representational resources to

track what is happening, without successfully doing so.

De�nition 9.3 (Ontology Boundary). The ontology bound-

ary of a modelM is the locus of states at which no admissible

repair path can restore trajectory continuity.

The ontology boundary is where non-abelian tears live. A

trajectory approaching the ontology boundary accumulates

holonomy: the discrepancy between predicted and observed

parallel transport grows without any admissible repair being

able to stop it.

9.3 RSVP Connections

The RSVP framework of relational scalar-vector-potential �elds

provides a natural language for admissibility dynamics. In
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RSVP, the state of a system is described by a triple (Φ,v, S)

where:

� Φ is a scalar concentration �eld measuring the density

of representational attention,

� v is a velocity �eld governing the �ow of representa-

tional resources,

� S is an entropy �eld measuring representational expen-

diture.

A trajectory is admissible within the RSVP framework

when the �ow generated by v can stably transport Φ through

the region in question without uncontrolled growth of S. A

persistent anomaly in RSVP terms appears as a region where

S grows without bound under iterated application of the ad-

missible repair dynamics. The scalar �eld Φ concentrates on

the anomaly�more and more representational attention is

devoted to it�but the velocity �eld cannot generate a �ow

that dissolves the anomaly. This is the RSVP signature of an

ontology boundary: the model is applying maximum repre-

sentational resources and still failing.

The connection to the Persistence�Obstruction Schema is

direct. The growth of S without stabilization corresponds to

the non-vanishing of the obstruction class [τ ]. The admissi-

bility boundary is the locus in state space where [τ ] ̸= 0.



CHAPTER 10

Ontology Revision

10.1 When the Coordinate Chart is Exhausted

De�nition 10.1 (Ontology Revision). Ontology revision oc-

curs when a learner reaches the ontology boundary of its cur-

rent model M and acquires a new model M′ such that:

(i) A(M) ⊊ A(M′),

(ii) xobs ∈ A(M′),

(iii) the repair algebra R′ of M′ contains operations not in

R.

Ontology revision is not parameter updating. It is admis-

sibility expansion: the new model can coherently represent

trajectories that the old model could not.

10.2 Representational Inertia and the Rarity of Re-

vision

Earlier framings of the framework might implicitly suggest

that promotion is automatic: if an anomaly persists, it even-
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tually triggers ontology revision. It does not. Promotion is

expensive.

Replacing a typo costs almost nothing. Replacing a para-

graph costs something. Replacing a theory may consume

decades. Replacing an ontology may consume generations.

The hierarchy has a built-in conservatism that is not a �aw.

Without it, every anomaly would trigger catastrophic restruc-

turing. The challenge is maintaining the correct balance be-

tween containment and promotion.

De�nition 10.2 (Representational Inertia). The represen-

tational inertia IM of a model is the accumulated invest-

ment in its current coordinate system: established results,

trained practitioners, dependent theories, institutional infras-

tructure.

Derivation 3: Promotion Through the Repair Hier-

archy

Let Ck be the containment capacity of level k, Dk the com-

mitment cost of promoting to level k + 1, Bk+1 the expected

bene�t of persistence reduction at level k+1, and IM the rep-

resentational inertia. Promotion occurs when expected utility

Uk+1 > Uk, giving a promotion rule:

Pr(ε : k → k + 1) = σ(αPk(ε)− βCk − γDk − µIM) ,

where σ is a logistic function. Promotion is likely when per-

sistence is high, containment capacity is low, commitment

cost is tolerable, and inertia is small. When IM is large,

anomalies may be recognized and even promoted internally
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while ontology revision remains blocked at the institutional

or paradigmatic level.

The promotion equation explains several historical pat-

terns. Mercury's anomaly was recognized by Le Verrier in

1859. The ontology revision occurred in 1915. Fifty-six years

elapsed because IM for Newtonian mechanics was enormous:

every calculation in solar system astronomy depended on it,

every observatory was equipped to apply it, every physicist

had been trained in it. The anomaly was persistent and rec-

ognized. The inertia was too large for immediate revision.

10.3 The Dissolving Tear

A remarkable feature of ontology revision is that the persis-

tent anomaly often vanishes entirely in the new framework�

not by being �explained away� but by becoming a non-surprising

trajectory.

De�nition 10.3 (Tear Dissolution). A non-abelian tear [τ ] ∈
H1(M;SR) is dissolved by an ontology revision to M′ if [τ ]

maps to zero under the inclusion-induced map H1(M;SR) →
H1(M′;SR′).

Tear dissolution is what happened with Mercury. General

relativity did not predict Mercury's precession after the fact

by adding a correction term. In pseudo-Riemannian space-

time, the geodesic equation naturally produces the observed

precession rate. The trajectory that was anomalous in New-

tonian coordinates is the expected trajectory in Riemannian

coordinates. The tear dissolved because the new coordinate

system had room for it.
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10.4 Ontological Saliency and Representational Di-

vergence

De�nition 10.4 (Ontological Saliency). The ontological saliency

of an observation x is

Salonto(x) = dtop
(
A(Mworld), A(Mobs)

)
where A(Mworld) is the admissibility manifold of the actual

world and A(Mobs) is the admissibility manifold of the ob-

server's model.

High ontological saliency means the observer's admissibil-

ity manifold and the world's admissibility manifold are di-

verging. Saliency, properly understood, is not surprise. It is

evidence of impending coordinate failure.

Derivation: Representational Divergence

De�ne the representational divergence at time t as

Dt = d(A(Mobs), A(Mworld)) .

Then dDt/dt measures the rate of ontology drift�the speed

at which the observer's admissibility manifold is diverging

from the world's. The persistence of an anomaly accumulates

as

P (ε,R) ≈
∫ T

0

dDt

dt
dt,

giving the following interpretation: persistent anomalies are

accumulated evidence that the observer's admissibility mani-

fold and the world's are diverging. The repair sequence is an
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experiment that measures this divergence. The Admissibility

Log is the instrument. The obstruction class is the result.



Part V

Learning and

Representation

50



CHAPTER 11

Against Error Minimization

11.1 The Standard Account and Its Concealed Lim-

its

The standard account of machine learning holds that a model

improves by minimizing a loss function. Gradient descent,

Bayesian updating, and reinforcement learning all share this

structure. They di�er in how they represent uncertainty and

how they update parameters, but they agree that the goal is

to reduce the discrepancy between predictions and observa-

tions as measured by some �xed criterion.

This account is not wrong. For a vast range of prac-

tical problems, error minimization produces excellent mod-

els [15, 39]. The critique developed here is not that er-

ror minimization fails, but that it succeeds in a way that

systematically conceals its own limits. Modern optimiza-

tion procedures are remarkably e�ective at reducing resid-

uals while remaining largely agnostic to representational ad-

equacy [45, 40].
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11.2 What Error Minimization Cannot See

A loss function L : Σ × Σ → R≥0 assigns a scalar to every

prediction-observation pair. The optimization process moves

through parameter space and asks at each step: which direc-

tion reduces the scalar? This formulation cannot, in principle,

ask whether the scalar is the right thing to minimize. It can-

not ask whether the discrepancy being measured is at Level

0 or Level 2 in the discrepancy hierarchy. It cannot track

whether a residual has survived a sequence of repair opera-

tions or whether it appeared for the �rst time this epoch. It

has no notion of the repair history of an anomaly.

Formally: a standard learning system equipped only with

a loss function and a gradient oracle cannot compute PersR(ε)

for any non-trivial R. It can compute instantaneous loss, but

not the history of survival under repair. Related concerns ap-

pear in causal representation learning and model robustness

research [32, 43].

11.3 Gradient Descent as Level-0 Repair

Every step of gradient descent is a Level-0 repair: a small

numerical adjustment to parameters to reduce instantaneous

loss. A single gradient step is not even a full repair operation

in the sense de�ned in Part I; it is a fraction of one.

The consequence is that gradient-based learning cannot

promote anomalies up the repair hierarchy. It applies Level-0

repairs inde�nitely. An anomaly that is persistent at Level

0 but would reveal itself as a Level-2 topological discrepancy

under proper repair triage is instead averaged over, diluted,

or over�tted away. The topology remains invisible.
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This is one explanation for the persistent di�culty of dis-

tribution shift in deep learning. A model trained on a distri-

bution P develops a rich parameterization of P . When de-

ployed on a shifted distribution Q, the anomalies often have

topological content: MQ ̸≃ MP as manifolds. But the train-

ing process has no mechanism for detecting this. It applies

Level-0 repairs to what are Level-2 discrepancies. The model

sees small average loss and interprets the situation as normal.



CHAPTER 12

Persistence-Driven Learning

12.1 Tracking the Repair History

A persistence-driven learner di�ers from a standard learner in

one fundamental respect: it tracks the history of its repair at-

tempts and uses survival records to assign priorities. The pro-

posal is broadly compatible with information-theoretic and

free-energy perspectives on adaptive systems [11, 1].

De�nition 12.1 (Persistence Monitor). A persistence mon-

itor is an auxiliary system that:

(i) records the repair level kt applied at time t,

(ii) records the residual εt after each repair,

(iii) computes an empirical persistence estimate by tracking

survival across diverse repair classes,

(iv) �ags anomalies whose estimated persistence exceeds a

threshold θ.

The persistence monitor adds no parameters to the model

and changes no gradients. It operates as a diagnostic layer on
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top of the standard learning process, providing information

that the standard process cannot see.

12.2 Persistence-Weighted Attention

In a learning system with attention mechanisms, the persis-

tence monitor can directly in�uence the allocation of compu-

tational resources.

De�nition 12.2 (Persistence-Weighted Attention). Atten-

tion is persistence-weighted if

A(x) ∝ f
(
P̂ (x)

)
where f is a monotone increasing function. The most im-

portant observations are those with highest estimated persis-

tence, not highest instantaneous error.

Persistence-weighted attention reallocates resources toward

observations where repair has repeatedly failed�toward the

places where the model's coordinate chart is most likely to

be failing. It is a systematic implementation of repair triage.

12.3 Detecting Representational Boundaries During

Training

A practical implication of persistence-driven learning is the

possibility of detecting representational boundaries during

training, before deployment-time failures reveal them.

During training, a persistence monitor tracks the survival

history of anomalies across epochs. Anomalies that persist

across many training epochs despite parameter updates are
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candidates for Level-2 or higher discrepancies. A spike in

the estimated persistence distribution�sudden appearance of

many highly persistent small anomalies�indicates that the

model is approaching the boundary of its representational

capacity.

This is analogous to the physical signal preceding a topo-

logical phase transition: long-range correlations appear be-

fore the order parameter changes. Monitoring P̂ (ε) during

training, in addition to standard loss L(θ), provides early

warning of representational boundaries that loss monitoring

cannot detect.



CHAPTER 13

Ontology-Expanding Learning

13.1 Learning as Representational Growth

De�nition 13.1 (Ontology-Expanding Learner). An ontology-

expanding learner is a learning system equipped with:

(i) a base model M with admissible repair algebra R,

(ii) a persistence monitor tracking P̂ (ε) for all active anoma-

lies,

(iii) an expansion trigger: a condition under which the learner

initiates search for M′ ⊃ M,

(iv) an expansion mechanism: a procedure for constructing

extensions of the model architecture.

The expansion trigger �res when P̂ (ε) > θ for some anomaly

ε and some threshold θ, indicating that the anomaly has sur-

vived enough repairs to be a candidate for structural diagno-

sis.
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13.2 Persistent Anomalies as Generators

In the algebraic sense, persistent anomalies are generators of

representational growth. Each persistent anomaly constrains

the form that any adequate extension must take. The new

model M′ must:

(i) contain the admissibility manifold of M,

(ii) include the observation xobs in A(M′),

(iii) dissolve the obstruction class [τ(ε)].

These constraints narrow the search for M′ considerably.

The anomaly is not just a problem to be solved; it is a spec-

i�cation of what the solution must achieve.

13.3 The Geometry of Repair Space

The framework developed in this monograph has been pro-

gressively clarifying what its ultimate object of study is. We

began with anomalies. We moved to repair sequences. We

arrived at persistence. But the deepest object is neither the

anomaly nor the repair: it is the geometry of repair space

itself.

De�nition 13.2 (Repair Landscape). The repair landscape

of a model M is the pair (M,R) viewed as a geometric ob-

ject: the model manifold M equipped with the action of the

repair algebra R as a transformation group.

Two models may produce identical residuals and identi-

cal persistence invariants yet have dramatically di�erent re-

pair landscapes. One may have many short repair paths to
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the correct ontology; another may require crossing enormous

barriers. The repair landscape determines not just whether

ontology revision is possible but how di�cult it is to reach.

This reframes the entire enterprise. The monograph be-

gins looking less like a theory of anomalies and more like a

theory of navigation through representational spaces. Ad-

missibility manifolds, reachability, CLIO projections, RSVP

dynamics, and trajectory memory are all fundamentally con-

cerned with the same question: given a current representa-

tion, what paths of transformation remain available? The

anomaly is simply the thing that reveals where those paths

begin to run out.

13.4 CLIO Projection Failures as Ontology Revision

In the CLIO framework of constraint-limited information on-

tology, projection failures occur when the operator P map-

ping from the full state space to the observed subspace loses

essential structure. A CLIO projection failure is precisely an

ontology boundary: the projective compression has discarded

information that is needed to continue the trajectory.

When a CLIO projection produces persistent anomalies in

the projected description, those anomalies are evidence that

the projection has discarded structure relevant to the dynam-

ics. The ontology-expanding response is to enlarge the pro-

jection to restore the missing degrees of freedom. In RSVP

terms: a CLIO projection failure is a region where the entropy

S of the projected description grows faster than the velocity

�eld v can compensate. The projected description is becom-

ing increasingly inadequate, and the failure is detectable as
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a non-abelian tear between the full and projected trajectory

manifolds.



Part VI

Suppressed Tears
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CHAPTER 14

How Tears Get Hidden

14.1 The Dual of the Persistence Principle

The Persistence Principle tells us when structure is missing.

But a dual and equally important phenomenon exists: struc-

tural anomalies that should be persistent are sometimes ab-

sorbed by repair operations that should not be able to absorb

them. The tear is present but hidden.

De�nition 14.1 (Tear Suppression). A tear [τ ] ̸= 0 is sup-

pressed if the repair sequence drives ∥εn∥ → 0 without dis-

solving the obstruction class. The model appears to �t the

observations while containing an unresolved structural dis-

crepancy.

Suppressed tears are the most dangerous failure mode for

learning systems. The scalar loss looks good. The topology

is wrong.
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14.2 Three Mechanisms of Suppression

14.2.1 Expressive Algebra Containment

When a repair algebra at level k is su�ciently expressive, it

can contain anomalies that properly belong at level k + 1.

The repair reduces the metric manifestation of the anomaly

to zero while leaving its topological invariant untouched.

This is the epicycle mechanism. Each epicycle is a per-

fectly valid Level-1 geometric repair. The problem is that

the underlying discrepancy was categorical: the heliocentric

structure of the solar system requires a di�erent category of

model, not a better �t within the geocentric category. But the

epicycle system is expressive enough that the metric discrep-

ancy can always be reduced to within observational tolerance.

The tear is contained at Level 1 and never promoted.

14.2.2 Commitment Asymmetry

Higher-level repairs are more costly and partially irreversible.

A rational agent with �nite resources will require stronger ev-

idence before attempting a higher-level repair. This creates a

systematic bias: the evidence threshold for ontology revision

is very high, meaning that even anomalies that have survived

many lower-level repairs may not be promoted if the evidence

for promotion is below the commitment threshold. Each in-

dividual repair attempt is rational; the aggregate sequence is

collectively irrational because it prevents the accumulation of

evidence that would justify a costlier intervention.
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14.2.3 Promotion Blindness

As established in Part I, promotion requires memory. A sys-

tem that cannot track the repair history of an anomaly cannot

recognize that it has survived multiple repair levels. Each re-

pair attempt is treated as a fresh encounter with the anomaly.

The anomaly never climbs the hierarchy because the hierar-

chy is never traversed. This is the most fundamental form

of suppression, because it operates not by neutralizing the

evidence for structural problems but by preventing the accu-

mulation of that evidence in the �rst place.

Derivation 4: Repair Containment and Over�tting

A repair level k contains an anomaly if there exists some

R ∈ Rk such that ∥R(ε)∥ ≈ 0 even though the structural

obstruction remains: [τ(ε)] ̸= 0. This is the mathematical

form of over�tting. The residual disappears; the tear remains.

The model has repaired the measurement while preserving the

representational failure. Containment probability is governed

by the promotion equation: when Ck is large, Pr(ε : k → k+

1) collapses, and anomalies accumulate at Level 0 regardless

of their structural depth.



CHAPTER 15

Epicycles and the Convergence Trap

15.1 The Ptolemaic System as a Case Study

The Ptolemaic system of epicycles is often presented as an

example of scienti�c stubbornness: a wrong theory defended

past its useful life. But from the perspective of the repair

framework, it is better understood as a systematic and lo-

cally rational process of tear suppression. The historical inter-

pretation follows the distinction between anomaly absorption

and paradigm change emphasized by Kuhn and Lakatos [24,

25].

The core problem was that the model's representational

architecture was genuinely inadequate: a geocentric coordi-

nate system cannot represent the actual geometry of solar

system dynamics without massive complexity. But each indi-

vidual repair�each new epicycle, each adjusted equant�was

locally e�ective. It reduced the metric discrepancy in the

orbital predictions.

De�nition 15.1 (Repair Cascade). A repair cascade is a

sequence of repair operations in which each repair generates

a new anomaly that requires a further repair, producing an
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expanding tree of local corrections rather than a converging

sequence of residuals.

The Ptolemaic system underwent centuries of repair cas-

cades. Each new observation triggered a new epicycle, which

improved local �t but added complexity that generated new

deviations at the boundaries of its validity. The repair se-

quence was not converging; it was branching. This is a diag-

nostic signature of a system containing a suppressed Level-2

or Level-3 tear. The repair entropy was exploding while the

underlying obstruction class remained intact.

15.2 The Convergence Trap

De�nition 15.2 (Convergence Trap). A learning system is

in a convergence trap when its repair sequence drives the ob-

servable residual toward zero while a non-trivial obstruction

class persists in the model's structure.

A diagnostic criterion for the convergence trap: if the re-

pair sequence requires steadily increasing complexity to main-

tain a converging residual�if the size of the repair operations

must grow while the residual shrinks�the system is likely

in a convergence trap. Ptolemaic astronomy required more

epicycles each decade. Modern neural networks require more

parameters each year for comparable performance gains on

challenging benchmarks. Both patterns are consistent with

convergence-trap dynamics. The suppression of structural

information by excessive model �exibility resembles familiar

concerns in statistical learning theory [42, 15].



CHAPTER 16

Over�tting and the Ptolemaic

Principle

16.1 Classical Over�tting and Its Topological Rein-

terpretation

Classical statistical learning theory presents over�tting as a

variance problem: a model with too many parameters �ts

training data noise, producing poor generalization. The rem-

edy is regularization. This account is correct as far as it goes,

but it treats over�tting as a numerical phenomenon. We pro-

pose a complementary account: over�tting is a form of tear

suppression.

When a neural network has more parameters than the ef-

fective dimensionality of the data manifold, the excess param-

eters constitute additional degrees of freedom in the Level-0

repair algebra. The network can use these degrees of freedom

to absorb any anomaly at Level 0�any pointwise discrepancy�

by adjusting parameters to locally �t the observation. Topo-

logical and categorical discrepancies that should be promoted

are instead absorbed at Level 0.

Conjecture 16.1 (Over�tting as Suppression). Let Mθ be a
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parametric model family with parameter space Θ. If the di-

mension of Θ exceeds the topological complexity of the data

manifold, then for any observation with a non-trivial tear

[τ ] ̸= 0, there exists a sequence of parameter updates driv-

ing ∥εn∥ → 0 without dissolving [τ ].

Over�t models may therefore be topologically �wrong� in

ways that their training performance entirely conceals. The

model has learned to suppress the tear rather than to repre-

sent the structure it signals.

16.2 Generalization as Topological Compatibility

This analysis suggests a reinterpretation of generalization. A

model generalizes well not merely when it is statistically con-

sistent with the data distribution. It generalizes well when

its trajectory manifold Mpred is homotopy equivalent to the

world's trajectory manifold Mworld. Generalization failure oc-

curs when Mpred ̸≃ Mworld�when the topological structure

of the model's predictions diverges from the topology of the

world's dynamics.

Remark 16.2. This reinterpretation connects the present frame-

work to the literature on topological data analysis and geo-

metric deep learning, where the homotopy type of data man-

ifolds is increasingly recognized as an important quantity for

generalization. The present framework provides a theoreti-

cal basis for why topology matters: not as a mathematical

curiosity, but as the level at which suppressed tears live.
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16.3 The Ptolemaic Principle

Conjecture 16.3 (Ptolemaic Principle). Let M be a model

with repair algebra R of dimension d. If d exceeds the topo-

logical complexity of the true trajectory manifold, then for

any persistent anomaly ε with PersR(ε) > 0, there exists an

over�t extension M′ ⊃ M with repair algebra R′ such that

PersR′(ε) = 0 but [τ(ε)] ̸= 0 in H1(M′;SR′).

Corollary 16.4. A system that monitors only metric resid-

uals cannot distinguish genuine convergence (where [τ ] = 0)

from convergence-trap suppression (where [τ ] ̸= 0 but ∥ε∥ →
0). A system additionally monitoring [τ ]�via holonomy es-

timates or topological data analysis�can.

The Ptolemaic Principle is the dual of the Persistence

Principle. Persistence tells us when structure is missing. Sup-

pression tells us why structure remains undiscovered. A suf-

�ciently expressive repair algebra can always erase the metric

evidence for a structural tear while leaving the tear itself in-

tact.

The implications are immediate. First, convergence of a

repair sequence is not evidence of ontological adequacy. Sec-

ond, the history of epicycle-style science describes a failure

mode in principle available to any learning system with a suf-

�ciently �exible repair algebra�including modern deep learn-

ing systems. Third, the appropriate response to convergence

is not celebration but diagnostic scrutiny: does the repair se-

quence converge by dissolving structural obstructions, or by

absorbing them into increasingly complex local adjustments?



Part VII

Applications

70



CHAPTER 17

Mercury and General Relativity

17.1 The Anomaly

Mercury's perihelion precesses by 5600 arcseconds per cen-

tury. Perturbations from other planets account for approx-

imately 5557 arcseconds. The residual of 43 arcseconds per

century was documented by Le Verrier in 1859 [44]. For the

next �fty-six years, this anomaly climbed every level of the

Newtonian repair hierarchy.

17.1.1 Level-0 Repairs

Measurement improvements re�ned the precession value but

did not change the residual's sign or order of magnitude. The

anomaly was not an observational artifact. If anything, its

precision increased as instrumentation improved�a signature

of ampli�ed modes in the persistence spectrum.

17.1.2 Level-1 Repairs

Parameter adjustments within Newtonian gravity�changing

the mass of the Sun, adjusting the oblateness, modifying plan-
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etary perturbations�were studied extensively and found in-

su�cient. Hall proposed in 1894 that modifying the inverse-

square law to a slightly di�erent power could account for the

precession, but this modi�cation broke agreement with other

planetary observations.

17.1.3 Level-2 Repairs

Hypothetical new bodies were proposed: a planet interior to

Mercury's orbit (Vulcan), distributed interplanetary matter,

an unseen population of small bodies. Extensive searches

found nothing. Each failed repair increased the admissibility

pressure without reducing the anomaly's invariant modes.

17.1.4 The Ontology Revision

Einstein's �eld equations, applied to the two-body problem,

yield a geodesic equation with an additional term producing

a perihelion precession of [8]

∆ϕ =
6πGM

c2a(1− e2)

per orbit. For Mercury, this gives precisely 43 arcseconds per

century. The calculation requires no free parameters; it is a

direct consequence of the background geometry.

17.2 What the Persistence Framework Adds

The standard narrative presents this as a story about a wrong

theory eventually replaced by a right one. The persistence

framework adds precision to two aspects.
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First, the anomaly was not evidence against Newtonian

gravity in the scalar sense�the vast majority of Newtonian

predictions remained accurate. The anomaly was evidence

of a non-trivial obstruction class in the trajectory manifold:

a region of state space where Newtonian coordinates were

topologically inadequate.

Second, the resolution did not �t the anomaly. It dissolved

it. In pseudo-Riemannian spacetime, Mercury's trajectory is

a geodesic. There is no residual, no correction term, no patch.

The tear was dissolved by expanding the admissibility man-

ifold to include curved geometries. This is ontology revision

in the precise sense: the obstruction class maps to zero under

inclusion into the Riemannian framework.



CHAPTER 18

Scienti�c Revolutions as Ontology

Revision

18.1 A Persistence-Based Account of Scienti�c Change

Kuhn's account of scienti�c revolutions distinguishes normal

science�puzzle-solving within a paradigm�from revolution-

ary science�replacement of the paradigm itself [24]. Lakatos's

research programmes provide a natural interpretation of re-

pair hierarchies [25]. The role of failed predictions in theory

revision re�ects Popper's falsi�cationist tradition [35]. The

persistence framework provides a mathematical account of

what distinguishes the normal from the revolutionary.

Normal science is Level-0 through Level-2 repair: param-

eter adjustment, coordinate re�nement, mechanism addition.

Revolutionary science is Level-3 and above: categorical re-

vision, ontology expansion. The persistence monitor tells us

when the transition is necessary: when anomalies have sur-

vived the full normal-science repair hierarchy. At that point,

further investment in normal-science repair is governed by the

Ptolemaic Principle�it will either continue to fail or succeed

by suppression.
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18.2 The Role of Anomaly Persistence in Discovery

The historical record suggests that the most important sci-

enti�c anomalies share the following properties:

(i) They are numerically small relative to the total predic-

tive success of the prevailing theory.

(ii) They are documented over long time periods, establish-

ing empirical persistence.

(iii) They survive an unusually wide variety of repair at-

tempts within the existing framework.

(iv) Their persistence spectrum contains invariant or am-

pli�ed modes: as the prevailing theory becomes more

precise, the anomaly becomes sharper, not smaller.

(v) Their eventual resolution requires a concept absent from

the existing framework.

The ultraviolet catastrophe is the clearest case. The de-

viation between classical prediction and observation was only

severe at high frequencies; at low frequencies, classical theory

worked well. The anomaly persisted through decades of re-

pairs until Planck introduced energy quantization [33]. The

new concept (the quantum of action) had no analogue in clas-

sical physics. The tear required not a better classical theory

but a di�erent kind of theory.

18.3 Science as Collective Triage

From the persistence perspective, science is a collective re-

pair triage process. The scienti�c community functions as a
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distributed repair hierarchy, with di�erent communities and

traditions performing repairs at di�erent levels. A new obser-

vation enters at Level 0; it is checked against measurement

theory �rst, then against existing models, then against the

space of possible models, then against the conceptual frame-

work.

The community's collective persistence monitor is the lit-

erature: the record of failed repair attempts. An anomaly

that has generated decades of failed repair papers is an anomaly

with high documented persistence�a rich Admissibility Log

maintained collectively. The community gradually recognizes

that no available repair will work, and the conditions for

paradigm change are established.

The failure mode is also visible at the collective level: a

community that lacks memory of its repair history will repeat

past repair attempts without recognizing them as past. The

literature performs the memory function, but only when it

is consulted. A community that fails to search existing lit-

erature before attempting repairs is operating with reduced

memory and therefore reduced capacity for persistence detection�

the collective form of promotion blindness.



CHAPTER 19

Biological Adaptation

19.1 Evolution as Persistent Anomaly Processing

Biological evolution can be viewed through the persistence

framework as follows. An organism is a model of its environ-

ment: its physiology predicts what the environment will pro-

vide and adjusts behavior accordingly. Environments change.

Some changes are Level-0 perturbations: temperature �uctu-

ations, prey abundance �uctuations, that can be absorbed

by physiological and behavioral �exibility. Others are struc-

tural: the environment's topology has changed in ways that

no existing behavioral or physiological repair can address.

Genetic mutation and selection constitute a higher-level

repair algebra. When phenotypic �exibility fails to absorb an

environmental anomaly, the anomaly persists across genera-

tions. Selection pressure is a persistence signal: high mor-

tality in response to environmental conditions that cannot

be behaviorally avoided is the biological equivalent of a pro-

moted anomaly. The repair hierarchy in biology extends from

behavioral adjustment (Level 0) through physiological accli-

mation (Level 1) to genetic mutation (Level 2) and develop-
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mental program revision (Level 3).

19.2 Speciation as Ontology Revision

Speciation�the evolution of a new species�is a biological

ontology revision. The new species carries a representational

architecture (phenotype, developmental program, niche spec-

i�cation) that extends the admissibility manifold of the lin-

eage to include environmental conditions that the ancestor

could not inhabit.

The persistence of anomalies�environmental pressures that

killed individuals at high rates without behavioral remedy�is

the generator of selection pressure that drives speciation. In

the persistence framework, speciation is what happens when

a biological lineage's repair hierarchy is exhausted and the

only remaining response is admissibility expansion. The new

species does not merely tolerate the previously anomalous en-

vironment; it inhabits it as a normal part of its admissibility

manifold.

19.3 Developmental Regulation

At the cellular level, developmental regulation involves on-

going repair triage. A developing organism faces continuous

small discrepancies between target morphology and current

state. Most are resolved by Level-0 biochemical adjustments.

Occasionally a discrepancy persists across cell cycles and reg-

ulatory checkpoints, which may trigger a Level-3 response: a

change in the developmental program itself.

Persistent developmental anomalies�homeotic transfor-

mations, regulatory failures�are often the most evolutionar-
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ily productive mutations. They involve changes not to indi-

vidual gene products but to the regulatory architecture that

governs development. They are, in the present framework,

categorical changes to the biological model. This corresponds

to the bottom-right cell of the discrepancy matrix: ontology

boundary anomalies that signal that the category of develop-

mental programs currently available to the lineage is inade-

quate to the environmental challenge.



CHAPTER 20

Machine Learning and Representation

20.1 Foundation Models and the Persistence Prob-

lem

Foundation models trained on large corpora demonstrate strong

average performance across many tasks. Their training is a

massive repair operation: gradient descent applied to the full

dataset drives the training loss toward zero. The model's

parameter space is large enough that the Ptolemaic Princi-

ple applies in its conjectured form: essentially any training-

distribution anomaly can be absorbed at Level 0.

The consequence is that foundation models are optimally

prone to convergence-trap suppression. Their expressive re-

pair algebras absorb evidence of structural discrepancies. Per-

sistent anomalies�systematic failures that survive many train-

ing iterations�are present but invisible to standard monitor-

ing.

The out-of-distribution failure problem is a manifestation

of this. When a foundation model is deployed on inputs out-

side its training distribution, the metric distance is small

for many inputs, but the topological structure of the out-
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of-distribution manifold may be substantially di�erent from

the training manifold. The model's tear has been suppressed

during training; it appears during deployment when the sup-

pression mechanism (training distribution repair) is no longer

available.

20.2 Representation Learning and Topological Fi-

delity

The goal of representation learning is to construct a latent

space that preserves the structure of the data. From the

persistence perspective, �preserving structure� means achiev-

ing homotopy equivalence between the data manifold and the

representation manifold:

Mdata ≃ Mrepr.

A representation that achieves this has dissolved all tears.

A representation that merely minimizes reconstruction error

may have suppressed tears rather than dissolved them.

This motivates a topological approach to representation

learning: instead of monitoring reconstruction loss, monitor

the homology of the representation manifold and compare

it to the estimated homology of the data manifold. Dis-

crepancies in homology indicate persistent tears. Topological

data analysis provides tools for this; the persistence frame-

work provides the theoretical justi�cation for why it should

be done.
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20.3 A Research Agenda

The persistence framework suggests several concrete direc-

tions for machine learning research.

Persistence monitoring during training. Track the re-

pair history of training anomalies across epochs. Anomalies

that persist across many epochs are candidates for structural

diagnosis. A persistence spike during training�sudden ap-

pearance of many highly persistent small anomalies�is an

early warning of impending representation failure.

Commutator-based diagnostics. Systematically apply pairs

of repair operations in both orders. Persistent [Ra, Rb](ε) ̸= 0

across diverse repair families indicates structural tears rather

than slow convergence.

Holonomy-based data augmentation. Generate train-

ing examples by transporting existing examples around loops

in data space. If the model's holonomy around these loops

is non-trivial, the resulting examples probe the regions near

non-abelian tears. Targeted augmentation in these regions

may help dissolve rather than suppress structural discrepan-

cies.

Topology-regularized training. Add a regularization term

penalizing discrepancies between the homology of the model's

prediction manifold and estimated data homology. This would

directly discourage suppression in favor of dissolution.
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Repair-entropy monitoring. Track the ratio ER = −∆pn/∆SR.

Declining repair e�ciency is a leading indicator of convergence-

trap dynamics.

Ontology-expanding architectures. Design architectures

capable of adding new representational dimensions when per-

sistence monitors indicate boundary proximity. Neural archi-

tecture search driven by persistence signals rather than vali-

dation loss.



CHAPTER 21

RSVP, CLIO, and Admissibility

Fields

21.1 The RSVP Framework

The Relational Scalar-Vector-Potential (RSVP) framework

describes physical and representational dynamics in terms of

a triple (Φ,v, S), where Φ is a scalar concentration �eld, v a

velocity �eld, and S an entropy �eld. The dynamics of this

triple are governed by a system of coupled �eld equations that

describe how representational attention �ows, concentrates,

and dissipates.

The RSVP framework provides natural language for ad-

missibility dynamics. The admissibility manifold A(M) cor-

responds to the region of �eld con�guration space where the

RSVP dynamics generate stable trajectories of Φ under the

�ow of v. A trajectory is admissible when the entropy �eld

S remains bounded along it.
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21.2 Non-Abelian Tears in RSVP

In RSVP dynamics, a non-abelian tear appears as a region

where:

(i) The scalar �eld Φ concentrates: the model is devoting

increasing attention to the region.

(ii) The velocity �eld v fails to generate a stable �ow: the

transport of Φ is becoming incoherent.

(iii) The entropy �eld S grows without bound: the repre-

sentational cost of tracking the trajectory is escalating.

This triple signature�concentration without coherent �ow

and unbounded entropy growth�is the RSVP signature of an

ontology boundary. The model is approaching the edge of its

coordinate chart.

The holonomy discrepancy of the RSVP connection around

a loop ℓ measures the accumulated failure of the velocity �eld

to maintain coherent transport. A region with high holonomy

discrepancy is a region near a non-abelian tear, and corre-

sponds directly to the non-vanishing of the obstruction class

under the Persistence�Obstruction Schema.

21.3 CLIO Projection and Representational Com-

pression

The CLIO framework governs the projection from full state

space to observable subspaces. A CLIO projection is admissi-

ble when it preserves the relevant topological structure: when

the projection map induces an equivalence on the homotopy

classes of trajectories.
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A CLIO projection failure occurs when this condition breaks

down: when the projected description cannot represent the

loops in trajectory space that carry non-trivial holonomy.

The projection has discarded the dimensions needed to rep-

resent the tear.

In the persistence framework, a CLIO projection failure

is a speci�c type of ontology revision problem: the model has

projected itself into a subspace that is too small to contain

the full repair algebra needed to address the anomaly. The

response is to expand the projection�to include more di-

mensions in the CLIO output�until the relevant topological

structure is preserved.

21.4 Lamphrodyne Relaxation and Tear Dissolution

The lamphrodyne relaxation process in RSVP describes the

gradual equilibration of the entropy �eld following a pertur-

bation. During relaxation, the velocity �eld reorganizes to

restore coherent transport of the scalar concentration �eld.

In the persistence framework, lamphrodyne relaxation is a

Level-1 geometric repair: adjusting the �ow structure to im-

prove trajectory tracking. Successful relaxation corresponds

to the anomaly being absorbed at Level 1. Failed relaxation�

where the entropy �eld grows or oscillates rather than equilibrating�

is the RSVP signature of a persistent anomaly that requires

higher-level repair.

The RSVP dynamics thus provide an implementable in-

stantiation of the abstract repair hierarchy. The level of the

repair hierarchy reached by an RSVP anomaly is indicated

by the behavior of the relaxation process: whether it con-
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verges (Levels 0�1), oscillates (Level 2), or diverges (Level 3

and above).



Conclusion: What Anomalies Tell Us

It is not the magnitude of the discrepancy but

its stubbornness that matters.

�the argument of this book

We began with Mercury. We end with a general principle

about the geometry of learning.

The argument of this monograph has proceeded through

several stages that are worth recapitulating in reverse order,

because the reversal is illuminating.

The deepest object of study is the geometry of repair

space: the repair landscape (M,R) that describes not just

what a model predicts but what transformations are available

to it and how di�cult they are to perform. Most theories of

learning are theories of the model. This framework is a theory

of the model-and-its-transformations.

The key quantity in the repair landscape is persistence:

the survival of an anomaly under all available repairs, mea-

sured relative to the algebra R available to the observer. Per-

sistence is not an intrinsic property of the anomaly. It is a

relational property of the pair (ε,R). The same phenomenon

looks transient to a su�ciently expressive system and per-

sistent to a simpler one. The same anomaly that climbs a

88



21.4. Lamphrodyne Relaxation and Tear Dissolution 89

Newtonian repair hierarchy is absorbed instantly by general

relativistic machinery once that machinery is available.

The mechanism by which persistence is computed is mem-

ory. Without a remembered repair trajectory, no anomaly

can be recognized as persistent. The dependency chain runs

backward from what is usually expected: memory enables

persistence detection; persistence detection enables promo-

tion; promotion enables ontology revision; ontology revision

is the deepest form of learning. Memory is not a storage

system for the outputs of learning. It is the computational

infrastructure that makes the highest levels of learning pos-

sible at all.

The dual failure mode�the Ptolemaic Principle�is equally

important. A su�ciently expressive repair algebra can always

suppress the metric evidence for a tear without dissolving it.

Over�tting is tear suppression. Bureaucratic drift is tear sup-

pression. Paradigm defense under experimental pressure is

tear suppression. In each case, the anomaly has not disap-

peared. It has been contained at a level that cannot address

it, consuming resources while preventing promotion.

The history of science can be read as a long series of

anomalies being sorted by their persistence. Most anomalies

are transient, resolved at Level 0 or Level 1, and promptly

forgotten. They were, in retrospect, uninteresting. A small

number are persistent. They climb the repair hierarchy until

no admissible repair remains. At that point they function not

merely as unresolved residuals but as speci�cations: they tell

us, by the structure of their persistence spectrum and their

obstruction class, what the next theory must contain.
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An abelian error can be corrected.

A non-abelian tear requires the model to grow.

Saliency, properly understood, is not the magnitude of

surprise. It is evidence that the current representation lacks

the degrees of freedom necessary to explain what happened.

The most valuable anomalies in science have rarely been the

largest ones. They have been the smallest ones that re-

fused to disappear�the ones whose persistence spectrum con-

tained invariant or ampli�ed modes, whose commutators re-

mained non-zero under every available pair of repair opera-

tions, whose admissibility pressure climbed through decades

of failed attempts.

These are the places where the world was informing its

models that they needed to become larger. The anomaly is

the instrument by which a model discovers the shape of its

own boundary. The repair sequence is the experiment. The

Admissibility Log is the record. The geometry of repair space

is the object. And the anomaly was being patient.

∗ ∗ ∗

Persistence Principle (Final Statement). Let M be a

model and R its admissible repair algebra. An anomaly ε

satisfying PersR(ε) > 0 is not a fact about the world. It

is a fact about the geometry of the model used to represent

the world. Its persistence invariant measures the distance

between the model's admissibility manifold and the world's,

integrated over the repair trajectory.

Persistent anomaly =⇒ missing structure.
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The repair sequence is the experiment. The Admissibility Log

is the record. The geometry of repair space is the object. And

the anomaly is the instrument by which the model discovers

the shape of its own boundary.
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