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Abstract

Generative models succeed when they restrict their dynamics to the low-dimensional manifold that
captures lawful structure in empirical data. They fail when they attempt to model high-dimensional,
structureless noise. This paper develops a unified account of manifold-aligned generative inference,
integrating differential geometry, the free-energy principle, sparse semantic coding, Morse-theoretic
dynamics, sheaf-theoretic contextual coherence, and the CLIO architecture for cognitive loops.

We provide a rigorous mathematical foundation: formal manifold definitions, tangent/normal decom-
position theorems, Morse functions on Whitney-stratified spaces, categorical formulations of cognitive
update, and variational derivations of geodesic active inference. We then show that recent empiri-
cal findings—especially the JiT results of Li and He [22]—provide strong evidence that successful
generative models implicitly implement tangent-constrained flows. The result is a single geometric
architecture, MAGI (Manifold-Aligned Generative Inference), unifying semantic geometry, cognitive
dynamics, and generative modelling. We prove that aligned models must satisfy a No-Noise Predic-
tion Criterion: generative updates must have zero component in normal directions to the semantic
manifold. Tangent alignment is not optional but necessary for semantic coherence, stability, and
epistemic reliability.

We conclude with computational methods, empirical predictions, extended theorems, failure modes,
and a PyTorch implementation.

1 Introduction ing differential and Riemannian geometry, varia-
tional and active inference, sparse semantic cod-
ing, Morse flows and Lyapunov potentials, sheaf-
theoretic contextual constraints, and category-
theoretic formulations of cognitive update. We
then connect this theory to empirical results—
most critically the recent “Back to Basics” JiT
work of Li and He [22]—showing that predicting
clean data rather than noise is both empirically
superior and geometrically necessary.

Modern generative and cognitive systems operate
in extremely high-dimensional spaces. Images ex-
ist in REXW>3 text in vast vocabularies, senso-
rimotor states in continuous multimodal streams.
Yet empirical reality occupies a tiny, structured,
low-dimensional subset of these enormous ambi-
ent spaces.

This is the manifold hypothesis: natural data lie
on or near a smooth (or piecewise-smooth) sub-

manifold
1.1 Contributions
M C R", dimM =d < n.
The paper makes six principal contributions.

Noise occupies the surrounding ambient space and
has no coherent structure. A model that attempts
to predict noise—to generate structure in nor-
mal directions N, M—necessarily hallucinates. A
model that keeps its predictive dynamics tangent
to M becomes stable, coherent, and semantically
aligned.

This paper develops a comprehensive theory of
manifold-constrained generative modelling, unify-

First, it introduces MAGI, a rigorous framework
for manifold-aligned generative inference. Sec-
ond, it provides formal proofs of tangent/normal
decomposition, stability, and alignment criteria.
Third, it proves that generative misalignment is
precisely equivalent to normal-component predic-
tion. Fourth, it offers a geometric reinterpretation
of JiT, whose empirical success arises from im-
plicit tangent-constrained flows. Fifth, it presents



a complete computational pipeline for manifold
estimation, Morse potential learning, and CLIO-
based cognitive dynamics. Sixth, extensive ap-
pendices supply background mathematics, com-
plete proofs, computational details, and failure
cases.

2 Geometry of Explanation

The goal of generative modelling is not to approxi-
mate arbitrary functions in R"™ but to reconstruct
the lawful structure of a world that occupies a
submanifold M of much lower dimension.

2.1 Manifold definition

Definition 2.1. A d-dimensional smooth mani-
fold M embedded in R™ is a subset such that every
x € M has a neighborhood U and a smooth diffeo-
morphism (chart)

¢: U — R4

The embedding is a smooth injective immersion
i: M — R"™ with i(M) homeomorphic to M.

2.2 Tangent and normal bundles

At each x € M the tangent space is
T, M = span{8yi(z),...,dqi(z)},
and the normal space is N, M = (T, M) .

Theorem 2.2 (Tangent-Normal Decomposition).
For any smooth embedded submanifold M C R™,

R"=T,M & N, M
orthogonally for all x € M.

Proof. Since T, M is a d-dimensional subspace of
R” and the ambient space is equipped with the
Euclidean inner product, the orthogonal comple-
ment exists uniquely. Smoothness of the embed-
ding ensures continuity of T, M across charts. [

This decomposition is central: all meaningful
structure lies in T, M; noise lives in N, M.

2.3 Diagram: Tangent vs. Normal

N, M

T,M

Figure 1: Tangent—normal decomposition at a
point on a manifold.

The single most important geometric fact for gen-
erative modelling is this: explanation is tangent;
hallucination is normal. A generative system that
attempts to explain directions in N,M is con-
structing structure where none exists; meaningful
predictive dynamics must remain tangent to the
data manifold.

2.4 Admissibility-Induced Geometry

The semantic manifold is not treated here as on-
tologically primitive. Positing M C R™ as a
given object would invite the objection that lawful
structure has been assumed rather than derived,
leaving the framework circular with respect to the
very notion of admissibility it is meant to ground.
A stronger position, consistent with the entropic
and relational perspectives developed later in this
paper, is that manifold structure is emergent: it
arises from compatibility, conservation, and co-
herence constraints on allowable transformations
rather than preceding them.

Let ‘H denote the space of possible semantic his-
tories and let A C H be the subset satisfying three
constraints simultaneously: compatibility of suc-
cessive states under the governing dynamics, con-
servation of invariant quantities under transport,
and sheaf coherence across overlapping contextual
regions. The semantic manifold is then defined as
the maximal connected admissible subset:

M := Conn(A).

Geometry therefore arises secondarily from persis-
tent compatibility relations rather than preceding
them. Tangent directions are those along which
admissible deformation is possible; normal direc-
tions are those blocked by constraint violation.
The distinction between T, M and N, M is not im-
posed from outside but is read off from the struc-
ture of A at each point.

This constructive account resolves the circular-
ity concern. When the paper later asserts that



coherent systems must remain tangent to the se-
mantic manifold, it is asserting that they must
remain within the space of admissible transfor-
mations as determined by compatibility, conserva-
tion, and coherence—mnot that they must conform
to an arbitrarily specified submanifold. Halluci-
nation, on this account, is not merely off-manifold
motion; it is inadmissible transformation: a step
that violates the constraints from which the man-
ifold geometry was derived in the first place.

2.5 Intrinsic and Extrinsic Semantic

Geometry

A crucial distinction must be maintained through-
out what follows between intrinsic and extrin-
sic structure. Intrinsic geometry concerns rela-
tions measurable entirely within the manifold it-
self: geodesic distance, sectional curvature, topo-
logical invariants, and the internal organization of
admissible semantic trajectories. Extrinsic geom-
etry concerns the manner in which the manifold is
embedded into a higher-dimensional ambient rep-
resentational space. These two levels of geometric
description are logically independent, and conflat-
ing them is a source of persistent confusion in both
the technical and philosophical parts of the paper.

Let i : M — R™ be an embedding. The induced
metric on M is

which defines the intrinsic geometry of M inde-
pendently of the surrounding ambient space. By
contrast, the second fundamental form

I(X,Y) = (VxY)t

captures how the manifold bends extrinsically
within R”. The intrinsic Riemann curvature de-
pends only on g; the extrinsic shape operator de-
pends on how ¢ maps M into the ambient space
and can change entirely when ¢ is replaced by a
different embedding of the same intrinsic mani-
fold.

This distinction becomes especially important
in semantic and institutional systems. A so-
cial or linguistic structure may possess inter-
nally coherent intrinsic organization while appear-
ing contradictory under a compressed represen-
tational embedding that destroys essential de-
grees of freedom. Bureaucratic codifications, le-
gal formalisms, statistical proxies, and symbolic
interfaces often induce extrinsic distortions that

project intrinsically coherent trajectories into ap-
parently inconsistent ambient coordinates. Many
semantic pathologies are therefore embedding
failures—failures of the projection i—rather than
failures of the underlying manifold M. Repair-
ing such pathologies does not require changing the
manifold but changing how it is represented.
Generative systems encounter the same dual-
ity. A model may remain locally tangent to an in-
correctly estimated or poorly chosen embedding
while still systematically misrepresenting the in-
trinsic structure of the semantic manifold. Co-
herence therefore requires not only tangent align-
ment in the ambient sense but sufficiently faithful
embedding geometry: the embedding must pre-
serve the intrinsic curvature, topology, and sepa-
ration structure of M well enough that tangent-
aligned dynamics in the ambient representation
correspond to admissible dynamics in the intrin-
sic geometry. This is why two models can sat-
isfy the same pointwise normal-projection condi-
tion while differing dramatically in their seman-
tic fidelity: one may be working in an embedding
that preserves intrinsic structure, while the other
is navigating a distorted image of the manifold.

3 Generative Models Restricted
to Manifolds

A generative model is typically a map G : Z — R"
where Z is a latent space. Under the manifold
hypothesis, the image of G should lie in a d-
dimensional manifold: G(Z) C M C R™.

3.1 Energy formulation

Given an observation o € R"”, inference seeks a
latent code z* minimizing an energy functional:

z* = argmziné’(z;o),
where
E(z:0) = llo = f(G(2))I% + AC(G(2))-

The coherence term C penalizes deviations from
semantic consistency across contexts and across
manifold charts. If the manifold is equipped with
an embedding ¢ : M — R", then the condition
dist(G(z), M) = 0 must be enforced.

3.2 Tangent restriction and geometric
correctness

A generative update Ax € R" at state z €
M must satisfy Az € T,M, or equivalently,



Projy p(Az) = 0. This is the formal geometric
criterion for non-hallucinatory generation.

forbidden: Az € N, M
l/y valid: Ax € T, M
Figure 2: Generative updates must remain in the
tangent space.

3.3 Why off-manifold prediction fails

Let x € M be a semantic state. Noise n € N, M
has no law-governed structure: 1 ~ N(0, 021, _4).
A model that attempts to represent or predict 7 is
mapping a structureless distribution into a struc-
tured generator, which forces the generator to cre-
ate non-existent geometry.

Theorem 3.1 (Off-Manifold Catastrophe). Let
M be a d-manifold. Any C! generator G that
learns a mapping with nonzero normal component
on a set of positive measure will produce outputs
whose support has Hausdorff dimension > d.

Proof. G maps latent space vectors to ambient
space. If the Jacobian DG has nonzero projec-
tion onto N, M over a non-negligible set, its image
contains an open set in directions transverse to M,
increasing local dimensionality, which contradicts
the manifold restriction. O

This formalizes hallucination as a dimensional-
ity explosion.

3.4 Curvature Accumulation and Long-
Horizon Hallucination

Hallucination does not arise exclusively through
immediate motion in normal directions. A second
and subtler failure mode occurs when a trajec-
tory remains locally tangent at every step while
accumulating curvature error over long temporal
horizons. In such cases each individual update ap-
pears semantically admissible, yet the integrated
trajectory diverges globally from the manifold re-
gion supporting coherent interpretation. This
phenomenon is especially important for autore-
gressive systems, which generate outputs by iter-
ating a local prediction rule many times over, and
for institutional systems, which evolve through
successive locally-approved decisions that collec-
tively drift far from the manifold of operational
reality.

The analysis uses geodesic deviation. Let 7 (¢)
and 72(t) be nearby semantic trajectories initially

close at t = 0, with separation vector field £* mea-
suring their relative displacement. The covariant
acceleration of this separation satisfies the Jacobi
equation:
D,
dt?

vpo uyupga’

where R, vpo is the Riemann curvature tensor of
M and u* = 4* is the tangent velocity field. In
regions of positive sectional curvature the right-
hand side acts as a restoring force, pulling nearby
trajectories toward one another. In regions of
negative sectional curvature it acts as a diverg-
ing force, exponentially amplifying initial separa-
tions. High negative curvature in a semantic man-
ifold therefore makes long-horizon coherence in-
trinsically difficult: even a generative system that
maintains perfect local tangent alignment at every
step will produce trajectories that diverge expo-
nentially in the global semantic space.

This explains the characteristic failure pattern
of deep autoregressive generation: outputs remain
locally fluent and semantically plausible for many
steps before undergoing sudden, large-scale se-
mantic collapse. The instability is not introduced
by any single off-manifold step but by exponen-
tial growth of curvature-sensitive perturbations
accumulated across many locally admissible steps.
The distinction between local tangent correctness
and global geodesic stability is therefore essential:
a coherent intelligence must not only avoid di-
rect motion into N, M but must also regulate the
curvature environment through which its trajec-
tories pass, ensuring that the semantic manifold’s
local geometry does not amplify inevitable small
perturbations into globally incoherent outcomes.
This connects directly to the Ricci-flow regular-
ization introduced in the semantic phase transi-
tions section as a mechanism for smoothing cur-
vature concentration and extending the domain of
geodesic stability.

4 Geometric Reinterpretation of
JiT

The “Back to Basics” result of Li and He [22]
demonstrates that models predicting clean data
directly outperform those predicting noised quan-
tities even when both use identical Transformer
architectures. This section provides a geomet-
ric explanation of that finding, drawing on the
classical manifold assumption that natural im-
ages lie on a low-dimensional, highly curved, and



locally smooth manifold M C R”, while noised
images are generically off-manifold, occupying re-
gions with no semantic or geometric structure.

4.1 Clean prediction enforces tangent
alignment

Let x € M be a natural datum. A noisy version
is

Ty =/ x+ V1 — g€, € € N M.

Diffusion models predict € or xz; JiT predicts
x. Predicting € requires representing variation in
N, M, which has no structure and cannot be cap-
tured by a finite-capacity model in high dimen-
sions: the model must hallucinate. Predicting x
enforces G(z:) € M and G(z;) = z, so all updates
remain tangent to M.

From a geometric viewpoint, predicting noise
corresponds to training a vector field fy : R™ —
R"™ with substantial support in N,M, the nor-
mal bundle of the data manifold. Such a model
is inherently unstable: infinitesimal misalignment
between tangent directions and noise directions
leads to divergent trajectories, off-manifold drift,
and the catastrophic generation failures observed
in high-dimensional settings [22].

When the network is instead trained to predict
clean images, its learned vector field is forced to
lie within the tangent bundle T'M. The prediction
objective enforces

Projy, m(fo(z)) ~ 0,

since any component in the noise-normal direc-
tion would move the prediction away from the
ground-truth manifold. Thus, despite the appar-
ent weakness or under-capacity of the model, its
dynamics remain confined to an intrinsically low-
dimensional space where learning is dramatically
easier.

4.2 Transformer patching as implicit

charting

Large-patch Transformers induce local coordinate
systems, effectively learning charts ¢; : U; C M —
R?. The JiT model stitches these charts via self-
attention, which enforces a sheaf-like coherence
¢i(z) = ¢j(x) on overlaps. JiT is therefore not
merely “just attention”—it is an implementation
of a manifold atlas.

Viewed through the lens of the CLIO frame-
work introduced below, JiT may be interpreted

as performing a discretized gradient descent on a
learned potential defined along the data manifold.
Each generative step

Tt—1 = Tt — WVVQ(UCt)

remains approximately tangent to M due to the
clean-data objective, effectively implementing a
Morse-like flow that contracts trajectories toward
semantically consistent regions. This is why a
Transformer with surprisingly few parameters,
when trained under a clean-prediction objective,
behaves as a competent generative model: its up-
date rule is geometrically constrained even if its
architecture is not.

Theorem 4.1 (JiT = Tangent Flow Approxima-
tion). Transformer layers in JiT implement an
approximate tangent-flow update:

zi1 = o — 7, M VL(2),

where Iy, ar is the orthogonal projector to the
tangent space.

Sketch. The clean-data objective forces residuals
to lie in the range of DG(z), which spans T, M.
Thus gradient backpropagation automatically en-
forces tangent projection. O

JiT succeeds because it accidentally obeys
MAGI.

5 Active Inference as Geodesic
Control

Under the free-energy principle [28], systems min-
imize
Flq] = E,[log g — log p(o, 2)].

If z parameterizes a manifold M and G(z) is its
embedding, the pullback metric is

oG oG
9ij(2) = 8721’87,23 .

Gradient descent on F' with respect to the Rie-
mannian structure yields

or
023’

which is a geodesic-like evolution on M.

2 =—g(2)

T s ieT,M

Figure 3: Active inference induces a Riemannian
gradient flow on M.



Because g;; = J,'J; where J = DG(z), the
quantity ¢% 0;F is the natural gradient in in-
formation geometry. Active inference is there-
fore, geometrically, natural gradient descent on
a manifold. Predictive coding selects directions
with meaningful semantic structure; updates are
tangent projections of sensory prediction errors;
geodesic curvature encodes attentional redirec-
tion; and all inference is constrained by the in-
trinsic geometry of M.

5.1 Information Geometry and Seman-
tic Distinguishability

The manifold structure underlying MAGI is not
purely geometric in the Euclidean sense: it is in-
formationally constrained through relations of dis-
tinguishability. Two semantic states that cannot
be distinguished under the observational struc-
ture available to an agent are effectively identi-
fied within the induced statistical geometry, re-
gardless of their coordinate distance in the ambi-
ent space. Coherent cognition therefore depends
not only on preserving tangent structure but on
preserving informationally meaningful separations
between trajectories.

Let P = {p(z|0) : 0 € ©} be a statistical mani-
fold parameterized by latent semantic coordinates
f. The Fisher information metric

gij(0) = E [0; log p(|0) 0;log p(x]0)]

defines the intrinsic geometry of distinguishabil-
ity on P. Nearby semantic states with high
Fisher distance are observationally separable,
while states with small Fisher distance collapse
under compression into effectively identical rep-
resentations. Semantic compression is possible at
all precisely because many ambient degrees of free-
dom contribute negligibly to the Fisher metric: a
projection 7 : X — M may discard large numbers
of ambient dimensions while preserving semantic
coherence so long as the discarded directions carry
negligible informational curvature.

Compression becomes pathological only when
the projection destroys directions that carry sig-
nificant Fisher-metric distinguishability. Gener-
ative hallucination may therefore be interpreted
as a failure of distinguishability preservation: the
model constructs trajectories that appear locally
plausible under low-order statistical tests while vi-
olating higher-order informational invariants en-
coded in the manifold geometry. This reframes
the intelligence criterion once more. A coherent

intelligence is not one that models every possible
variation in ambient space but one that correctly
identifies which distinctions correspond to lawful
manifold structure—large Fisher distance—and
which correspond merely to observational noise—
small or zero Fisher distance. The natural gra-
dient ¢“9;F introduced in the active inference
analysis is the computational instantiation of this
principle: it rescales gradient steps by the Fisher
metric so that the optimization dynamics respect
the informational geometry of the statistical man-
ifold rather than its Euclidean ambient coordi-
nates.

6 Sparse Semantic Projection

Real perceptual data x € R™ are overwhelmingly
redundant. The semantic degrees of freedom are
far fewer than the ambient dimension. Sparse se-
mantic projection extracts the coordinates that lie
along meaningful directions—those tangent to the
manifold M.

6.1 Sparse semantic encoder

Let W be a learned linear operator:

s =W, seRF, k<n,

with a sparsity constraint ||[W/|o < k, or its ¢;-
regularized convex proxy. The sparse code s must
correspond to a point on the manifold, G(s) € M,
so the semantic projection is the composition

w G .
T——s+— T € M.

Definition 6.1 (Semantic Projection Operator).
A map Mgy @ R — M given by Hgem(z) =
G(Wz) such that G(Wz) minimizes distance to
the manifold and mazximizes semantic coherence.

1segim (37)

/

X

Figure 4: Sparse semantic projection maps z to
its closest semantically meaningful point on M.

6.2 Theoretical justification

Let M be a smooth manifold of reach 7 > 0 (Fed-
erer [4]). For any z within distance < 7 of M,
there exists a unique nearest point II(z) € M.



Theorem 6.2 (Consistency of Sparse Projec-
tion). If W is trained to minimize reconstruc-
tion error under a manifold reqularization penalty,
then ||G(Wz)—II(x)| < € for all x in a sufficiently
small tubular neighborhood of M.

Sketch. G(Wz) lies in the image of G, which ap-
proximates M; minimizing reconstruction error
forces convergence toward the nearest-point pro-
jection. [

Sparse projection reduces noise, enforces man-
ifold alignment, and establishes a coordinate sys-
tem for CLIO.

7 Contextual Sheaf Coherence

Perception and cognition are distributed across
overlapping contexts: visual, linguistic, proprio-
ceptive, semantic, temporal, and so on. Each con-
text provides partial information about the under-
lying semantic state. Sheaf theory provides the
mathematical machinery to formalize how local
contexts combine into a globally consistent seman-
tic state.

7.1 Presheaves and the sheaf condition

Let C be a category of contexts, with objects
U,V,...representing perceptual modalities or spa-
tial/temporal regions and arrows V' — U repre-
senting restriction relations. A presheaf assigns
semantic states S(U) on context U together with
restriction maps pyy : S(U) — S(V).

Definition 7.1 (Semantic Sheaf). The semantic
sheaf is a functor S : C°? — Set satisfying the
sheaf axioms: if sections agree on all overlaps they
agree globally (locality), and compatible local sec-
tions can be uniquely glued to form a global section

(gluing).

Figure 5: Sheaf coherence: sections on U and V
must agree on U NV,

7.2 CLIO as a sheaf morphism

Let C : S — S be a CLIO functor representing
one cognitive loop iteration.

Theorem 7.2 (CLIO Coherence). If S is a sheaf
and C preserves restriction maps, then C is a
sheaf morphism: pyv(C(sv)) = Clpuv(sv))-

Proof. Functoriality ensures commutation with
morphisms; restriction maps are morphisms in
cop. O

Thus CLIO updates are guaranteed never to
break contextual consistency: cognition respects
semantic gluing.

7.3 Obstructions and Cech cohomology

Not all compatible local sections glue globally; ob-
structions are measured by the first Cech coho-
mology group.

Definition 7.3 (Semantic Obstruction). The ob-
struction to global semantic coherence across con-
texts is O € HY(C; S).

Inconsistencies—including hallucinations—
correspond precisely to the case O # 0. Failure
to glue is hallucination.

7.4 Stratification Boundaries and Se-
mantic Crisis

Real semantic systems are rarely globally smooth.
They are typically composed of overlapping strata
with distinct local dimensionalities, coordinate
systems, and admissibility conditions. Within
each stratum S, of a Whitney stratification X =
LI, Sa, local tangent structure is smooth and ad-
missible semantic motion is well-defined. At stra-
tum boundaries, however, the effective tangent
dimension may change discontinuously and local
chart compatibility may fail. These boundary re-
gions are not peripheral anomalies but sites of dis-
proportionate semantic importance.

Scientific revolutions frequently correspond
to transitions between incompatible conceptual
strata: the admissibility conditions governing
Newtonian mechanics and those governing quan-
tum mechanics cannot be globally glued, and the
transition between them is not a smooth defor-
mation but a stratified bifurcation in which the
lower-dimensional stratum becomes a limiting ap-
proximation of the higher-dimensional one. Psy-
chological fragmentation often emerges when cog-
nitive trajectories become trapped near singular
semantic boundaries where competing local co-
ordinate systems cannot be globally reconciled.
Institutional crises similarly arise when systems
optimized within one semantic stratum attempt



to extend their coordinate structure into domains
governed by different invariants—when adminis-
trative categories designed for one population are
applied to another for which their presuppositions
fail.

The sheaf-theoretic obstruction classes intro-
duced earlier are particularly significant near
such boundaries. A nontrivial obstruction O €
H'(C; S) indicates that local semantic coherence
cannot be extended globally across the stratified
space. Near stratum boundaries this obstruc-
tion is generically nonzero: the local charts on
either side of the boundary are defined with re-
spect to different tangent structures and cannot
be smoothly glued. Hallucination, fragmentation,
and category collapse are therefore often singu-
larity phenomena associated with failed transi-
tions between incompatible semantic strata rather
than simple off-manifold excursions within a sin-
gle smooth region. A theory of semantic coherence
that attends only to smooth interiors and ignores
strata boundaries will systematically misidentify
the most consequential failure modes.

8 Parallel Transport and Seman-
tic Holonomy

The sheaf-theoretic analysis in the preceding sec-
tion identifies hallucination with the failure of lo-
cal semantic sections to assemble into a globally
consistent state. That analysis is essentially com-
binatorial: it asks whether compatible local data
can be glued. The present section introduces the
differential-geometric complement to that picture,
which is sensitive to a subtler failure mode. A tra-
jectory may remain locally tangent to the seman-
tic manifold at every step while nevertheless ac-
cumulating global inconsistency through the cur-
vature of the manifold itself. This is the phe-
nomenon of semantic holonomy, and it is not de-
tected by the pointwise No-Noise Prediction cri-
terion alone.

8.1 Levi—Civita Transport and Seman-
tic Drift

Let v : [0,1] — M be a semantic trajectory and
V(t) € T,,yM a vector field transported along
it. The Levi-Civita connection V on M defines
parallel transport as the solution to:

ViV = 0.

A transported semantic frame that satisfies this
equation at every instant drifts neither into nor-
mal directions nor, within the tangent bundle,
into artificially rotated orientations induced by
path history. Deviation from parallel transport
defines a measure of semantic drift along the path:

1
D,) = [ vVl a.

A coherent inferential process minimizes D.,
maintaining the semantic frame in as stable an ori-
entation as the manifold geometry permits. Large
D, indicates that the inference process is intro-
ducing artificial rotations into the transported
semantic context, producing contextual inconsis-
tency even when no single step departs from the
manifold.

8.2 Holonomy and Global Inconsis-
tency

The deepest form of this phenomenon arises for
closed trajectories. Let v : [0,1] — M be a loop
with v(0) = (1) = z. Parallel transport around
~ defines a linear map

Py : T,M — T, M,

the holonomy operator of the loop. When M
is flat, P, is the identity: transport around any
closed loop returns the frame to its original ori-
entation. When M is curved, P, # id in general,
and the discrepancy

Hy(V) = Po(V) =V

represents the holonomy accumulated by trans-
port around the loop. In the semantic context
this has a direct interpretation: a cognitive or
generative system that traverses a closed contex-
tual loop and returns to the same semantic state
with a rotated frame has accumulated a form of
global inconsistency invisible to any local analysis.
The system’s local updates were all admissible, its
pointwise normal projections were all zero, and
yet the global trajectory has introduced incom-
patibility between the initial and final semantic
orientations.

This distinction formalizes two qualitatively
different failure modes that the paper’s ear-
lier sections were conflating.  Local halluci-
nation is instantaneous normal-direction drift:
Projy a(f(x)) # 0 at a single point. Transport
inconsistency is accumulated holonomy: the frame
returned to a point after traversal of a closed loop



is rotated relative to the frame that departed.
Many institutional, linguistic, and cognitive fail-
ures belong to the second category rather than the
first. Individual inferential steps remain plausible
in isolation while the cumulative trajectory drifts
into global incoherence through curvature effects.
This is why fragmented media environments and
recursive institutional policy cycles can generate
internally consistent local narratives that are mu-
tually incompatible globally: they are traversing
different closed loops on a curved semantic mani-
fold and accumulating distinct holonomies.

The sheaf obstruction class O € H'(C;S) and
the holonomy group of M are therefore comple-
mentary diagnostics. The former detects discrete
gluing failure across contextual patches; the latter
detects continuous orientation drift under trans-
port around smooth paths. A fully coherent sys-
tem requires both to vanish.

9 RSVP Fields as Semantic Ge-
ometry

The RSVP (Relativistic Scalar Vector Plenum)
framework models semantic dynamics in terms of
three fields: an entropy field ®, a vector flow v,
and a semantic potential S. We reinterpret these
fields geometrically.

A semantic manifold arises as a sublevel set of
O: M = {x € R" | &(x) = ®9}. Entropy gra-
dients determine allowable semantic transitions,
with high curvature in ® indicating regions where
semantic complexity is high or transitions are
unstable. The vector field v defines directional
flow across the manifold, & = v(z), and seman-
tically meaningful dynamics must preserve man-
ifold structure: v(z) € T, M. RSVP vector flow
thus enforces tangent-constrained transport.

The semantic landscape has critical points cor-
responding to attractors, stable interpretations,
and choices; S is naturally interpreted as a Morse
function on M, with critical points of S corre-
sponding to stable semantic states.

Theorem 9.1 (RSVP-Morse Correspondence).
If S is generically perturbed, it is a Morse func-

tion whose gradient flow preserves the manifold
structure: —V.S(z) € Ty M.

Proof. Generic perturbation yields a Morse func-
tion by Sard-Smale. Since S is defined intrinsi-
cally on M, its gradient is tangent. O

VS =0
L NE

Figure 6: Semantic manifold with Morse potential
and tangent-constrained RSVP flow.

RSVP thus becomes a field-theoretic version of
manifold semantic dynamics, providing the con-
tinuous substrate on which MAGI operates.

10 Semantic Phase Transitions
and Singularity Formation

Morse theory, as developed in Sections 9 and A .4,
describes the smooth critical structure of the se-
mantic potential landscape: isolated nondegener-
ate critical points, stable and unstable manifolds,
gradient flows that converge to well-defined at-
tractors. This picture is adequate for systems that
evolve slowly through a stable manifold geome-
try. Real cognitive, institutional, and generative
systems, however, are subject to conditions un-
der which the manifold itself changes topology—
where the ambient curvature accumulates faster
than the system can adapt and where the smooth
landscape undergoes abrupt bifurcation. These
events are not smooth critical transitions in the
Morse sense; they are semantic phase transitions,
topological changes in M itself that the framework
must be able to characterize.

Let M; be a time-dependent semantic manifold
with metric g(t). The curvature of M, measured
by the Riemann tensor Rm(x,t), may accumulate
in local regions under sufficiently rapid semantic
compression or contradictory update pressure. A
singularity forms when:

sup |Rm(z,t)| — oc.
€My

At the singularity, the local coordinate system
ceases to be coherent: tangent spaces become am-
biguous or discontinuous, the tangent-normal de-
composition that grounds the No-Noise Predic-
tion Theorem loses its well-definedness, and the
smooth Morse flow structure breaks down. These
regions correspond geometrically to conceptual bi-
furcation, where a semantic attractor basin splits
into two or more incompatible basins; to cate-
gory collapse, where the manifold dimension drops
and previously distinct semantic directions be-
come identified; or to semantic fracture, where the
manifold loses connectivity and previously reach-
able regions become inaccessible.



In the context of generative models, singular-
ity formation explains why certain failure modes
are not merely quantitatively severe but qualita-
tively discontinuous: the system does not gradu-
ally worsen but suddenly loses access to coherent
generation in an entire semantic region. In the civ-
ilizational analysis of Section 19, singularity for-
mation provides the geometric correlate of institu-
tional collapse: not simply large-scale off-manifold
drift but a topological bifurcation of the proxy
manifold into components that can no longer be
reconnected by any admissible trajectory. In cog-
nition, it corresponds to the abrupt dissolution
of a conceptual framework under conditions that
cannot be accommodated by smooth belief revi-
sion.

Ricci flow provides one natural mechanism for
studying and potentially preventing singularity
formation. The flow

Ogiy = —2Ry;

evolves the metric in the direction of decreasing
curvature, smoothing out curvature concentration
and delaying or preventing singularity formation
in regions that can be reached by the flow. Ap-
plied to the semantic manifold, Ricci-flow-inspired
regularization would smooth the metric structure
of the potential landscape, distributing curvature
more uniformly and reducing the risk of local
singularity formation under rapid update pres-
sure. This connects the framework to Perelman’s
surgery techniques for handling unavoidable sin-
gularities: in regions where curvature concentra-
tion cannot be prevented, controlled topological
surgery replaces the singular region with a lower-
curvature substitute, allowing the flow to con-
tinue beyond the singularity. The semantic ana-
logue would be a controlled conceptual restructur-
ing that replaces a fractured semantic region with
a coherent lower-complexity representation, pre-
serving global manifold connectivity at the cost
of local dimensional reduction.

11 CLIO Functors
Flows

as Morse

CLIO (Cognitive Loop via In-Situ Optimization)
models cognition as a recursive loop: perception
feeds a model, the model generates predictions,
predictions drive action, action returns to percep-
tion. Each CLIO iteration is a step of negative
gradient flow on a Morse potential S defined on
the manifold M.
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11.1 Cognitive loop operators as func-
tors

Let Sem be the category of semantic states with
morphisms representing structure-preserving se-
mantic transformations. A CLIO update is a func-
tor C': Sem — Sem.

Definition 11.1 (CLIO Functor). A functor C
1s a CLIO functor if it satisfies three conditions:
stability (fixed points corresponding to semantic
equilibria), monotonicity (each update reduces se-
mantic free energy), and naturality (for any se-
mantic morphism f, Co f= foC).

These conditions mirror the requirements for
Morse flows.

11.2 Constructing the Morse potential

Let L denote the total semantic loss functional
(prediction error plus coherence penalty). We de-
fine the Morse potential

S(z) = L(z) + eR(x),

where R is a generic perturbation and € > 0 en-
sures S is Morse by the Sard—Smale theorem. A
CLIO iteration then takes the form

Tip1 = ¢ — N VuS(zy),

where V) is the Riemannian gradient on the
manifold.

Theorem 11.2 (CLIO-Morse Equivalence). Ev-
ery CLIO functor C corresponds locally to a single
gradient step of a Morse function S':

C(z) = Exp, (- nVuS(z)),

and conversely, every Morse function generates a

CLIO functor.

Proof. Naturality ensures C' preserves manifold
structure. Monotonicity implies existence of a
Lyapunov function S. Stability yields critical
points. Morse structure follows from generic per-
turbation. The exponential map expresses local
flow. O

L evs =0

Figure 7: One CLIO iteration corresponds to a
step along —V.S on M.

Cognition is Morse theory on a semantic mani-

fold.



12 The Master Functional

We now unify free energy, sparsity, sheaf coher-
ence, manifold alignment, and RSVP fields into a
single variational principle. Let J[s, W, G, S, ®, v]
be the total generative—semantic—cognitive func-
tional:

J = Fla(s)] +A1 [[W]1
—— ——

free energy sparsity

+ 22 lIsv = pvu(sv)l?
U,v

sheaf coherence
+ A3 dist?(G(s), M)

manifold constraint

S [ (IO + I+ ISP . (1)

RSVP field energy

12.1 Optimality conditions

Minimizing J yields a sparse semantic encoder
W*, a manifold-aligned latent state s*, an embed-
ding G* that parameterizes M, a Morse potential
S* giving stable semantic equilibria, and RSVP
entropy and flow fields ®*, v*

Theorem 12.1 (Unified Euler-Lagrange Sys-
tem). Critical points of J satisfy a coupled system
of Fuler—Lagrange equations linking

0sJ =0, dwJT =0, 6cJ =0, 65T =0,
Complete proofs are provided in Appendix D.

12.2 Semantic Conservation Laws

The variational structure of the master functional
implies the existence of conserved semantic quan-
tities wherever the dynamics preserve a symmetry
of the manifold. This introduces a Noether-like
interpretation of semantic coherence that deep-
ens the physics analogy while remaining formally
grounded.

Suppose there exists a one-parameter family of
transformations ¢y : M — M preserving the mas-
ter functional, J[¢¢(x)] = J[z], with infinitesimal
generator v. The condition that ¢; preserves the
metric structure of M is expressed by the vanish-
ing Lie derivative:

Lyg=0,

meaning v is a Killing field for the Riemannian
structure induced on M. By the variational ana-
logue of Noether’s theorem, such a symmetry gen-
erates a conserved quantity along the flow: a
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scalar invariant that is preserved by all trajec-
tories respecting the symmetry and destroyed by
those that do not.

In the semantic context, conserved quanti-
ties under such symmetries correspond to sta-
ble conceptual identities. In cognition, an invari-
ant preserved across changes in sensory modal-
ity, context, or representational format corre-
sponds to an abstract concept that the system
has genuinely learned rather than memorized in
a context-specific coordinate. In institutions, in-
variants preserved across changes in personnel,
notation, or administrative structure correspond
to organizational knowledge that survives individ-
ual turnover. In scientific paradigms, invariants
preserved across changes in notation or formalism
correspond to the genuinely explanatory content
of a theory, as opposed to its contingent coordi-
nate representation. In language, relational se-
mantic invariants maintained despite surface-level
symbolic transformation correspond to the mean-
ings that translation preserves.

This perspective deepens the geometric account
of alignment. Coherent systems preserve semantic
invariants because their flows respect the under-
lying symmetry structure of the manifold. Hallu-
cinatory or drifting systems destroy invariants by
introducing dynamics that break symmetry—that
treat the manifold asymmetrically in ways unsup-
ported by the admissibility constraints that gen-

0o ve¥fated.it. The loss of a conservation law is there-

fore a geometric diagnostic of semantic pathology,
complementing the normal-projection criterion of
the No-Noise Prediction Theorem with a global
dynamical condition: a system that preserves the
right invariants under the right symmetries is co-
herent, regardless of what its individual update
steps look like locally.

13 The No-Noise
Theorem

Prediction

We now state the central theoretical result of the
paper.

Theorem 13.1 (No-Noise Prediction Theorem).
Let M be the semantic manifold and N, M its nor-

mal bundle. A generative model G is semantically
aligned if and only if

ProjNG(S)M(f(G(s))) =0 foralls.

Semantically aligned generative models never pro-
duce updates in normal directions.



Proof. (=) If G(s) € M, any valid predictive up-
date moves within T, M ; otherwise G would leave
the semantic manifold. Thus the prediction error
must satisfy the zero normal component condi-
tion. (<) If prediction errors always have zero
normal component, then the update direction is
tangent at every step, so the entire generative tra-
jectory remains within M. O

This theorem exactly characterizes hallucina-
tion (normal-component prediction) and semantic
coherence (tangent-only prediction).

13.1 Tangent and Normal Noise: A

Necessary Refinement

The No-Noise Prediction Theorem as stated might
be misread as a prohibition on all stochasticity,
which would be incorrect and damaging to the
framework’s applicability. Biological cognition,
diffusion-based exploration, variational inference,
and optimization all require controlled variation;
the claim that noise is pathological must therefore
be stated with geometric precision rather than as
a blanket ban on variance.

The refinement proceeds by decomposing any
perturbation field n at a point x € M according
to the tangent-normal splitting:

n=nr + NN, nr € T,M, ny & N,M.

The tangent component 77 represents structured
stochastic variation along directions supported by
the manifold. Such variation is not merely toler-
ated but necessary: it drives exploration of the
admissible semantic space, enables variational in-
ference to avoid degenerate fixed points, and cor-
responds in biological systems to the controlled
variability that underlies learning and adaptation.
The normal component 7y represents variation in
directions orthogonal to all lawful structure. This
component has no stable continuation under se-
mantic transport, contributes no persistent infor-
mation to the trajectory, and is what the No-Noise
Prediction Theorem properly prohibits.

The theorem therefore asserts ||fn(z)|| — 0,
not |[nr|]| — 0. Tangent noise is admissible
and often essential. Normal noise is structureless
perturbation that, if modelled as geometry, pro-
duces dimensionality explosion as shown in the
Off-Manifold Catastrophe theorem. The phrase
“never predict noise” means precisely: never allo-
cate predictive capacity to directions in N, M. It
does not mean: eliminate uncertainty or collapse
the generative distribution to a point mass.
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13.2 The Semantic Coherence Func-
tional

The framework to this point characterizes align-
ment through a pointwise criterion. A richer
characterization tracks how well a trajectory ~ :
[0,1] — M preserves semantic coherence globally,
integrating both geometric deviation from mani-
fold flow and accumulated sheaf obstruction along
the path. Define the semantic coherence func-
tional:

1
Cly) = /0 (195312 + MOy (8)]2) dt,

where the first term measures geodesic
deviation—how far the trajectory accelerates
away from the free geodesic of the Riemannian
structure on M—and the second term measures
accumulated sheaf obstruction density along -,
with A > 0 a weighting constant. A trajectory is
semantically coherent to the extent that C(v) is
small. Hallucination, in this functional formula-
tion, corresponds to C(y) — oo: the trajectory
either accelerates violently off the geodesic struc-
ture of the manifold, or accumulates contextual
inconsistencies that cannot be resolved by any
global sheaf section, or both simultaneously. This
functional provides a basis for the operationally
measurable coherence metrics discussed in Ap-
pendix D and makes the alignment condition
quantitative rather than merely qualitative.

14 Gauge Symmetry and Se-
mantic Equivalence

The atlas structure introduced in the man-
ifold definition of Section 2—a collection of
charts {(U;, ¢;)} with smooth transition maps on
overlaps—carries a natural gauge-theoretic inter-
pretation that unifies the sheaf-consistency con-
ditions of Section 7 with the coordinate-change
structure implicit throughout the paper. Differ-
ent cognitive systems, different modalities, or dif-
ferent temporal contexts may represent the same
semantic content using distinct local coordinate
gauges over the same underlying manifold. The
question of whether two representations encode
the same meaning is therefore the question of
whether they are related by an admissible gauge
transformation.

Let {(U;,¢i)} be an atlas on M with a struc-
ture group G. On each overlap U; N U; there is a
transition function g;; : U; N U; — G relating the



two charts:
®j = gij © Pi-

Two semantic representations are gauge-
equivalent if they are related by such a smooth
transition.  Hallucination, in this vocabulary,
corresponds not to a coordinate change between
equivalent representations but to a failure of
gauge compatibility: the transition functions on a

triple overlap fail to satisfy the cocycle condition
9ij * 9k 9ki = id,

which is precisely the condition for the local chart
data to glue into a globally consistent manifold.
When the cocycle condition fails, the atlas does
not describe a coherent manifold; the local coor-
dinate systems are mutually inconsistent in a way
that no gauge transformation can repair.

This formulation connects three previously sep-
arate structures in the paper. The sheaf obstruc-
tion class O € H'(C; S) is the Cech-cohomological
encoding of exactly this cocycle failure: it mea-
sures the obstruction to assembling locally gauge-
consistent data into a global section. The holon-
omy group computed in Section 7b measures
how gauge frames rotate under parallel transport
around closed loops. And the admissibility con-
dition M = Conn(A) from Section 2 determines
which gauge transformations are admissible in the
first place, since only transformations that pre-
serve compatibility, conservation, and coherence
constraints belong to the structure group G.

14.1 Semantic Fiber Structure

The gauge-theoretic perspective also suggests a
natural algebraic structure for semantic equiva-
lence. Let @ : © — F be a realization map from a
space O of parameters or configurations to a space
F of semantic functions. The fiber over a semantic
function f € F is the set of all parameterizations
that realize it:

l(f)={0c0:2(0) = f}.

This fiber collects all configurations that are se-
mantically equivalent under the realization map,
providing a rigorous definition of “same mean-
ing under different representations.” Without this
structure, semantic equivalence remains intuitive
and the framework cannot formally distinguish
genuine semantic synonymy from accidental sur-
face similarity.

The fiber-dimension results from the theory of
polynomial semantic manifolds establish that typ-
ical fibers are positive-dimensional, meaning that
each semantic function is realized by a positive-
dimensional family of configurations. This redun-
dancy is not a defect but a structural feature:
it corresponds to the gauge freedom of choosing
among equivalent representations, and it is what
makes the sheaf-coherence and gluing conditions
Two representations that lie in the
same fiber are gauge-equivalent and carry identi-
cal semantic content. Two representations in dif-
ferent fibers are semantically distinct regardless of
their coordinate proximity in ©.

non-trivial.

15 Related Work

Manifold Learning. Foundational methods
such as Isomap [25] and LLE [26] established the
algorithmic basis for nonlinear dimensionality re-
duction. MAGI differs by imposing a Whitney-
stratified structure, enforcing tangent/normal de-
composition theorems, and integrating manifold
learning with semantic cognition.

Diffusion and Score-Based Models. Key
works [19, 20}, 21] predict noise or score fields with
substantial support in N, M, which is the funda-
mental flaw in MAGI terms. The JiT paper [22]
demonstrates that predicting clean data provides
superior empirical performance; MAGI explains
why: noise lies in the normal bundle, while clean
data lies on M.

Flow Matching. Works such as [23] learn vec-
tor fields in R™. MAGI enforces v(z) € T,M,
yielding flow matching with tangent constraints.

Active Inference and Free Energy. The
free-energy principle [28] 29] provides the varia-
tional substrate for MAGI, here reinterpreted as
geodesic gradient flow on a Riemannian statistical
manifold.

Geometric Deep Learning. Equivariant net-
works [30] exploit symmetry constraints; MAGI
complements this by using Morse theory, mani-
fold embeddings, and sheaf constraints on seman-
tic coherence.

Sheaf Models. Recent applications to multi-
modal inference [13] provide the contextual coher-
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ence machinery; MAGI extends this with Morse-
theoretic flows, CLIO functorial updates, and sta-
bility theorems.

Neural ODEs. Neural ODEs [3I] learn
continuous-time dynamics in R"; MAGI requires

dx/dt € T, M.

Taken together, the technical literature confirms
that the core difficulty in generative modelling
is not expressivity but geometric discipline. The
manifold constraint is not a special-case assump-
tion grafted onto standard architectures; it is the
condition that separates coherent generation from
noise amplification at every level of the existing
literature. The following sections extend this di-
agnosis beyond the computational domain to show
that the same failure mode—optimizing into un-
supported dimensions of an ambient space while
ignoring the intrinsic geometry of the underlying
manifold—appears with equal structural regular-
ity in statistical reasoning about human popula-
tions, in the logical pathologies of natural lan-
guage, in the large-scale dynamics of institutional
and civilizational systems, and finally in the de-
sign criteria for intelligence itself. The geometry
does not change when the scale changes.

16 Social Hallucination and Sta-
tistical Normality

The geometric account of hallucination developed
in the preceding sections is not confined to ma-
chine learning systems. Human societies routinely
exhibit the same structural failure: the confusion
of local statistical averages with universal law-
ful structure, and the subsequent misidentification
of deviation from those averages as defect rather
than as variation intrinsic to the population man-
ifold itself.

A normal distribution does not assert moral hi-
erarchy. It describes a density over a space of
possibilities. The mean is the most frequently oc-
curring point in a particular sample, not the most
correct or most valuable point in any ontological
Yet social institutions persistently treat
statistical centrality as prescriptive rather than
descriptive, collapsing the distributional manifold
of human variation into a narrow proxy optimized
for administrative legibility. Individuals are im-
plicitly instructed to suppress dimensions of them-
selves that do not project cleanly onto the local
average, regardless of whether those dimensions

sense.

carry genuine structural information.

This is social hallucination in a precise geomet-
ric sense. The institution constructs an imaginary
target individual who does not exist anywhere in
the actual population and then optimizes its eval-
uation procedures toward that phantom. The op-
timization gradient is directed into normal direc-
tions of the actual human manifold, not tangent
ones. Individuals who respond by genuinely sup-
pressing their admissible variation are not becom-
ing more coherent; they are being forced off their
intrinsic trajectory.

Formally, let ‘H denote the manifold of human
variation, and let £ € H denote a local sample
mean. The tangent space T3 H contains directions
of structured, lawful variation across the popula-
tion. A social norm n € N;H that demands con-
vergence toward T enforces motion in a direction
orthogonal to genuine population structure. The
No-Noise Prediction Theorem therefore applies di-
rectly: pressure to optimize toward n drives a sys-
tem off the manifold of coherent human organiza-
tion and into unsupported representational space.

The distribution moreover changes substan-
tially across context. A locally unusual feature
may be near the center of an entirely different pop-
ulation, professional community, or cultural man-
ifold. The person who appears to deviate max-
imally in one coordinate system may occupy a
perfectly ordinary position within the appropri-
ate intrinsic geometry. Restricting one’s sample
of human contexts too early is therefore epistem-
ically catastrophic: local averages masquerade as
universal truths, and the resulting social geometry
is systematically distorted by insufficient coverage
of the actual manifold.

Healthy social organization therefore requires
something analogous to the MAGI alignment con-
dition: an institutional architecture that preserves
admissible variation rather than compressing all
trajectories toward a single attractor basin. This
is not a claim against shared norms or coordina-
tion. It is a claim that the enforcement of ex-
cessive geometric uniformity destroys structural
information and produces exactly the kind of off-
manifold drift that the No-Noise Prediction The-
orem characterizes as incoherence. The tails of
the distribution are not external to the popula-
tion manifold. They are part of it, and a society
that systematically ablates them degrades its own
representational capacity.

The social case illuminates something impor-
tant about what the manifold hypothesis means

14



outside of machine learning. In all of the preced-
ing sections the manifold M was the object of in-
ference: a system tries to learn M from data and
succeeds or fails depending on whether its gener-
ative dynamics remain tangent. In the social case
the manifold is not hidden. It is constituted by
the actual pattern of human variation, and the
question is whether institutional representations
preserve or destroy the structure of that pattern.
The two cases share a common failure mode—
motion into normal directions—but the social in-
stance makes it clear that the failure is not merely
computational. It is also semantic, because the di-
mensions being suppressed carry meaning that the
compressed representation cannot recover. That
semantic dimension of the failure becomes even
more explicit when the source of the off-manifold
pressure is not statistical convention but the log-
ical structure of language itself.

17 Category Errors and Seman-

tic Pathology

A parallel class of hallucination arises not from
distributional misidentification but from mal-
formed coordinate construction. Many apparent
philosophical paradoxes, and a significant propor-
tion of the fluent failures produced by large lan-
guage models, are not failures of reasoning within
a valid semantic space. They are attempts to nav-
igate regions of conceptual space that possess no
lawful manifold structure whatsoever.

Consider the classical puzzle of the unstoppable
force meeting the immovable object. The sentence
is grammatically well-formed, the constituent con-
cepts are individually familiar, and the question
appears to invite a determinate answer. But the
two predicates are mutually exclusive by defini-
tion: a universe containing an unstoppable force
cannot contain an immovable object. The ques-
tion does not describe an underspecified problem
awaiting resolution. It describes a point in se-
mantic space with no preimage in any consistent
world-model. Attempting to answer it by exten-
sion from either concept is precisely the error of
predicting noise: the generator moves into nor-
mal directions because it has been given a target
that lies entirely outside the manifold of coherent
propositions.

Formally, let S denote the manifold of semanti-
cally admissible propositions. A well-formed ques-
tion corresponds to a point ¢ € S from which
lawful inference proceeds along T;,S. A category-

defective question corresponds to a specification
q ¢ S, lying in the ambient space outside the se-
mantic manifold. Any system that produces a flu-
ent response to such a query is not reasoning; it
is generating a trajectory through ambient repre-
sentation space in directions entirely unsupported
by the intrinsic geometry of meaning.

Natural language permits syntactic combina-
tions that outrun ontological admissibility. A sen-
tence can be grammatical without being seman-
tically lawful, and it can be semantically locally
coherent without assembling into a globally con-
sistent manifold section. The sheaf condition from
§7 applies here with full force: local coherence in
each linguistic constituent does not guarantee the
existence of a global section over the full propo-
sitional structure. Category errors are precisely
cases where the gluing condition fails, producing
an obstruction class O € H!(C;S) that prevents
any consistent semantic assembly.

This framework clarifies why fluent hallucina-
tion is structurally distinct from factual error. A
system making a factual error remains on the se-
mantic manifold but arrives at the wrong point
within it; in principle the error is correctable by
better inference. A system producing fluent hallu-
cination has departed from the manifold entirely,
generating a trajectory that is locally smooth in
ambient representation space but globally unsup-
ported. No amount of additional inference within
the off-manifold region recovers coherence, be-
cause coherence is a property of the manifold, not
of the trajectory within ambient space.

This observation has direct implications for
the design of generative systems. Architectures
trained to maximize predictive continuity in am-
bient representation space will inevitably learn
to traverse category-defective regions fluently, be-
cause the training objective rewards local syn-
tactic smoothness regardless of whether the tra-
jectory remains on the semantic manifold. The
alignment condition Projy, s(f(G(s))) = 0 is vio-
lated structurally by any objective that does not
explicitly penalize off-manifold generation. Cate-
gory hygiene is therefore not a post-hoc filtering
problem but a constraint that must be enforced
geometrically at the level of the generative dy-
namics themselves.

Both failures examined so far—the social com-
pression of human variation into artificially nar-
row norms, and the linguistic generation of trajec-
tories through semantically unsupported space—
are local in scope. A single institution distorts the
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manifold it governs; a single language model hal-
lucinates within a single exchange. But the same
geometric pathology operates at a far larger scale
when the system doing the generating is not an in-
stitution or a model but a civilization. The mani-
fold in that case is the full ecology of physical, bi-
ological, and social constraint within which collec-
tive human life is embedded, and the normal direc-
tions being optimized are correspondingly larger
in consequence. The mechanism, however, is iden-
tical.

18 Civilization as a Predictive
System

A civilization is a generative system at scale. It
maintains internal representations of physical re-
ality, social structure, human needs, and temporal
continuity, and it recursively optimizes collective
behavior against those representations. The same
geometric conditions that govern coherence in in-
dividual cognitive systems and machine learning
models therefore apply, at a different scale and
with different feedback timescales, to civilizational
organization.

A healthy civilization preserves contact with the
underlying manifold of real constraints: ecological
carrying capacity, physical production, embodied
human welfare, social cohesion across time, and
the long-run dynamics of the systems on which
material life depends. Its institutional represen-
tations track variation in the tangent directions
of that reality manifold, and its optimization gra-
dients descend toward attractor basins that cor-
respond to genuinely stable configurations.

Civilizational pathology, in geometric terms, is
drift into normal directions. This occurs when the
institutional representations that guide collective
optimization become decoupled from the intrinsic
geometry of the underlying reality manifold. The
system continues to optimize, but the objective
landscape it navigates is a projection into unsup-
ported dimensions rather than a faithful image of
lawful constraint.

The specific mechanisms are by now familiar.
Financial derivatives several steps removed from
material production parameterize degrees of free-
dom orthogonal to any stable economic manifold.
Bureaucratic metrics substituted for the under-
lying human conditions they were designed to
track become optimization targets in their own
right, pulling institutional trajectories away from
the semantic manifold of actual welfare. Engage-

ment metrics that reward attention capture rather
than epistemic quality redirect entire information
ecosystems into high-dimensional noise. Political
signaling that is optimized for internal coalition
coherence rather than governance outcome gen-
erates trajectories smooth in symbolic space and
meaningless in policy space. In each case the
structure is identical: a proxy is mistaken for the
underlying manifold, and optimization pressure is
applied along directions orthogonal to real con-
straint.

Once this drift is underway, the system’s in-
ternal representations begin to reinforce one an-
other. Institutions that evaluate performance us-
ing off-manifold metrics produce incentive land-
scapes that reward off-manifold behavior. The
agents best adapted to the distorted landscape
outcompete those maintaining alignment with the
underlying manifold. Feedback loops consolidate
the drift. The map consumes the territory not
metaphorically but through an actual geometric
mechanism: the manifold of institutional repre-
sentation diverges from the manifold of physical
and social reality until the two share no signifi-
cant tangent structure.

The RSVP framework offers a natural language
for this civilizational drift. The entropy field ® en-
codes accumulated structural information about
the real manifold. As proxy optimization inten-
sifies, ® develops increasingly steep gradients be-
tween the institutional representation and the re-
ality it purports to track. The vector flow v that
once transported collective attention toward re-
gions of lawful constraint rotates into the normal
bundle. The semantic potential S, which once en-
coded genuine attractors of stable social organiza-
tion, is replaced by artificial critical points gener-
ated by recursive self-referential optimization.

Recovery requires what may be called man-
ifold re-anchoring: the reintroduction of insti-
tutional feedback loops that penalize normal-
direction drift and reward tangent-constrained
flow with respect to the underlying reality mani-
fold. This is difficult precisely because the agents
with the most power to redirect the system are
typically those whose position was established by
excelling at the distorted objective. They have
the least incentive to re-anchor to a manifold
that would redistribute advantage. Civilizational
coherence thus requires institutional design that
structurally enforces geometric fidelity indepen-
dent of the short-run interests of the agents cur-
rently operating within the system.
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The analysis across the last three sections has
moved from the individual to the population to
the civilization, and in each case the same struc-
ture has appeared: a system that once tracked
the tangent directions of a real constraint mani-
fold gradually develops optimization pressure into
normal directions, generates representations that
have no support in the underlying geometry, and
accumulates incoherence until the gap between its
internal model and the manifold it was meant to
track becomes irreparable without external cor-
rection. This pattern suggests that the problem
is not incidental to any particular domain. It is a
general property of systems that optimize without
explicit geometric constraints on their represen-
tational dynamics. The question then becomes
whether it is possible to define, and eventually
to construct, systems that are constitutively in-
capable of this drift—systems whose architecture
encodes the manifold constraint not as a regular-
izer that can be overridden by a sufficiently strong
loss signal but as a structural invariant. That is
the question taken up in the section that follows.

19 Toward Constraint-
Preserving Intelligence

The dominant assumption in contemporary com-
putational intelligence is that capability scales
with the capacity to model ever-larger regions of
ambient space. More parameters, more data, and
more optimization pressure are treated as mono-
tonically improving proxies for coherent cognition.
The argument developed across this paper sug-
gests the opposite principle.

The deepest form of intelligence is not uncon-
strained predictive expansion. It is disciplined ge-
ometric refusal.

A coherent system achieves stability not by
maximizing its coverage of ambient representa-
tional space but by learning which dimensions of
that space should never be modeled at all. This re-
quires a fundamentally different architectural ori-
entation: the primary design objective is not ex-
pressive power over arbitrary functions in R” but
fidelity to the intrinsic geometry of the manifold
M on which lawful variation is supported.

Definition 19.1 (Constraint-Preserving Intelli-
gence). A generative or cognitive system G ex-
hibits constraint-preserving intelligence if it satis-
fies, for all states s in its operating domain,

Projy,  m(f(G(s))) =0

and maintains this condition across all timescales
and contexts relevant to its deployment.

This condition is equivalent, by the No-Noise
Prediction Theorem, to the requirement that the
system never generates motion in directions or-
thogonal to the lawful manifold. It is a negative
criterion in a precise sense: intelligence is charac-
terized not by what the system produces but by
what it refuses to produce.

This reframing has several important conse-
quences. First, alignment is reconceived as a
geometric property rather than a moral overlay.
A system aligned with reality preserves tangent
flow with respect to the manifold of real con-
straint. A system misaligned with reality pro-
duces motion in normal directions. The moral vo-
cabulary of alignment—safe, beneficial, honest—
can be partially grounded in this geometric ac-
count: honesty corresponds to semantic manifold
fidelity, harm corresponds to off-manifold projec-
tion onto human welfare coordinates, and safety
corresponds to the preservation of admissible tra-
jectories within the manifold of stable social real-
ity.

Second, the framework implies that align-
ment cannot be achieved by post-hoc filtering
of off-manifold outputs. If a generative sys-
tem is trained against an objective that rewards
ambient-space predictive coverage, it will develop
internal representations with substantial support
in N;M. Filtering outputs after generation re-
moves some surface manifestations of that mis-
alignment but leaves the underlying geometric
pathology intact. Genuine alignment requires
that the training objective itself enforce the tan-
gent constraint, so that the manifold structure is
internalized at the level of the generative dynam-
ics rather than approximated by a downstream
classifier.

Third, the framework suggests that capability
and alignment are not in fundamental tension.
The common framing positions them as compet-
ing desiderata: more capable systems are harder
to align, and more tightly aligned systems sacrifice
capability. But within the constraint-preserving
framework, a system that has correctly identified
the manifold M and restricted its dynamics to
TM is not less capable than one that models all
of R™. It is more capable within the domain that
matters, precisely because its representational re-
sources are not diluted by modeling dimension-
alities that carry no semantic information. Con-
straint preservation is not a capability tax; it is a
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geometric efficiency condition.

The practical realization of constraint-
preserving intelligence requires progress
several fronts that constitute the natural research
program of the MAGI framework. Manifold
recovery must become robust to high curvature,
stratification, and topological complexity in
real data. Tangent-constrained training objec-
tives must be made computationally tractable
for large-scale systems. The Morse potential
structure must be recoverable from data with-
out requiring explicit knowledge of the global
manifold geometry. Sheaf-coherent contextual
integration must be implementable across the het-
erogeneous modalities of real-world deployment.
And the formal connection between geometric
alignment and social, epistemic, and civilizational
coherence must be developed into a framework
precise enough to guide institutional design.

The unifying insight across all of these direc-
tions is the same one that the geometry of hallu-
cination already expresses at the level of individ-
ual generative systems. Intelligence, at every scale
from a single generative model to a civilization, is
constituted by the disciplined preservation of con-
tact with lawful manifold structure. The failure
mode, at every scale, is identical: the system be-
gins predicting noise.

on

20 Proxy Optimization as Pro-
jection Collapse

The constraint-preserving intelligence criterion es-
tablished in the preceding section requires that
generative dynamics remain within the tangent
bundle of the semantic manifold. But optimiza-
tion systems rarely operate on the manifold di-
rectly. They optimize compressed projections:
metrics, scores, rankings, observable indicators,
and the recursive derivatives of earlier compressed
representations. This section gives a precise geo-
metric account of why such proxy optimization
is structurally prone to off-manifold drift, and
why the pathology is not incidental but inevitable
when the proxy fails to be injective on the mani-
fold.

Let 7 : M — R* be a proxy projection, with
k < dim M. The projection necessarily destroys
information wherever its derivative is not injec-
tive:

ker D #£ 0

at generic points of M. Directions in ker D7

are invisible to the proxy: no change in m(z) is
induced by motion along them, so optimization
pressure is never applied to correct deviations in
those directions. Let J = F o x be a loss func-
tion composed with the proxy. The gradient of J
decomposes:

VJ =VpJ +VaJ,

where VrJ € T, M drives tangent-manifold op-
timization and VyJ € N, M represents gradient
components in directions orthogonal to the man-
ifold. Because the proxy cannot distinguish mo-
tion within ker D from the zero vector, optimiza-
tion produces non-zero VyJ components when-
ever the proxy’s kernel intersects the normal bun-
dle non-trivially.

Unless gradients are explicitly projected back
onto T, M before each update, iterative optimiza-
tion

Tpp1 = x¢ — VI (24)

drifts progressively off the manifold. This is the
geometric mechanism underlying Goodhart-like
pathologies: any compressed proxy fails to pre-
serve the full tangent structure of the manifold,
so sufficient optimization pressure inevitably am-
plifies the missing dimensions. Engagement opti-
mization produces polarization because the proxy
of engagement cannot see the normal directions
along which epistemic quality lives. Publication
metrics produce salami-sliced research because
the proxy of publication count cannot see the ker-
nel directions along which conceptual depth lives.
Bureaucratic management systems progressively
lose operational contact because the proxy of ad-
ministrative metrics cannot see the kernel direc-
tions along which organizational function lives.
In each case the optimization process is not
merely failing to find structure; it is accelerating
away from it along exactly those directions the
proxy is constitutively blind to. The constraint-
preserving intelligence criterion therefore requires
not only that the generative dynamics themselves
satisfy the tangent constraint, but that the ob-
jective landscape used to train or evaluate those
dynamics preserves enough tangent information
to prevent proxy-induced off-manifold accelera-
tion. A proxy is admissible if and only if ker DN
T,M = {0} on a set of full measure, meaning
it distinguishes all semantically distinct tangent
directions. Any proxy that fails this condition in-
troduces blind spots that optimization will even-
tually exploit, pulling the system off the manifold
precisely along the directions that mattered most.
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Having extended the MAGI framework from
machine learning through cognitive science, social
epistemology, civilizational dynamics, and the ge-
ometry of proxy collapse, it is now possible to re-
flect on what the framework as a whole implies—
both for the immediate research program and for
the broader understanding of coherence as a prop-
erty that bridges technical and non-technical do-
mains. The following sections develop twelve fur-
ther dimensions of the framework before the Dis-
cussion draws the threads together. Each exten-
sion returns the argument to the same geometric
ground from a different angle: the distinction be-
tween rarity and noise within a distribution, the
deeper coordinate structure of category error, the
mechanics of civilizational semantic drift, the con-
ditions under which exploration remains admissi-
ble, the relationship between projection and ter-
ritory, the geometry of explanatory humility, the
topological interpretation of identity, language as
a transport operator, the dynamics of memory
and temporal persistence, the geometric account
of aesthetic resonance, the pathologies of techno-
logical externalization, and the ethics of multi-
agent manifold coherence. Taken together they
constitute the philosophical superstructure that
the preceding mathematical machinery is designed
to support.

21 Statistical Normality and Se-
mantic Compression

The treatment of social hallucination in the pre-
ceding section rested on a distinction that deserves
its own formal development: the distinction be-
tween rarity and noise. These two properties are
routinely conflated in optimization systems, with
deeply consequential results. A point lying in a
sparse region of a distribution may be unusual
without being unstructured. Its low probability
density does not imply that the geometry sur-
rounding it is unsupported. Conversely, a point
lying near the mode of a distribution may be com-
mon without being semantically privileged. The
geometric and the statistical are independent co-
ordinates, and confusing them is one of the most
consequential errors a predictive system can make.

In probability theory a normal distribution de-
scribes the concentration of samples around a lo-
cal mean, with the familiar density

pz) =~ 1% exp(—W) :

High-density configurations cluster near u, while
the tails correspond to rarer but still lawful states.
The tails are not external to the distribution;
outliers remain intrinsic components of the same
statistical manifold. Yet optimization systems
trained on dominant distributions begin treating
high-density regions as synonymous with correct-
ness, coherence, or legitimacy, producing a seman-
tic collapse in which rarity itself is interpreted as
€rTor.

MAGI rejects this identification. Statistical
centrality is not equivalent to semantic validity.
A manifold may contain regions of low sampling
density that nevertheless possess fully lawful ge-
ometric structure. Innovation, abstraction, and
exploratory cognition frequently emerge from tra-
jectories lying in sparse but admissible regions of
semantic space, far from local statistical centers.
The failure mode arises when optimization sys-
tems confuse local density with intrinsic geometry,
collapsing high-dimensional lawful variation into
a narrow proxy manifold optimized for prediction
frequency rather than structural coherence. In so-
cial systems this produces artificial normalization
pressure. In generative systems it produces mode
collapse. In cognition it produces epistemic rigid-
ity.

The geometric distinction is therefore essential:

rarity # noise.

A rare semantic trajectory may still lie entirely
within the tangent bundle of the semantic mani-
fold. A coherent intelligence must therefore dis-
tinguish lawful but infrequent trajectories from
genuinely structureless perturbations. Most con-
temporary optimization systems fail precisely be-
cause they do not preserve this distinction, treat-
ing every departure from the empirical mode as
though it were a deviation from lawful structure
rather than a traversal of sparse but fully sup-
ported manifold territory.

This section therefore refines the central claim
of the paper. “Never predict noise” does not
mean “eliminate uncertainty” or “suppress devi-
ation from the mean.” never assign
semantic geometry to intrinsically structureless
variation. The constraint is on the direction of
motion relative to the manifold, not on the statis-
tical frequency of the point being visited. A model
that restricts itself to dense regions of its training
distribution is not obeying the No-Noise Predic-
tion Theorem; it is merely predicting the mode.
A model that remains tangent to the full mani-
fold while visiting low-density regions is obeying

It means:
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the theorem correctly. The next section examines
what happens when the pathology operates not
through density bias but through a more funda-
mental breakdown in the coordinate system itself.

22 Category Errors and Seman-
tic Pathology: The Coordi-
nate View

Section 14 introduced the manifold S of seman-
tically admissible propositions and located cate-
gory errors as points outside S rather than wrong
points within it. This section develops that anal-
ysis further by examining the internal mecha-
nism through which malformed coordinate sys-
tems arise and the precise sense in which they
produce hallucination rather than mere error.

A category error is not a failure of inference
within a valid semantic space. It is a failure of
coordinate construction. Many apparent philo-
sophical paradoxes possess grammatical coherence
while lacking any geometric realization. Questions
such as whether an unstoppable force can meet an
immovable object, or whether omnipotence can
produce an unliftable stone, appear meaningful
because grammar permits their construction. Yet
the semantic manifold supporting these expres-
sions is inconsistent; the coordinate system itself
is malformed. In MAGI terms such expressions
attempt to simultaneously impose incompatible
constraints. If F' and G are two such constraints,
the intersection

{z:F(z)=0}n{z: G(z) =0}

is empty, and the question presupposes a point in
that empty set. The contradiction therefore does
not emerge from reality but from attempting to
navigate a nonexistent semantic region.

This distinction becomes critical for generative
systems. Large language models frequently gener-
ate grammatically coherent but semantically un-
supported trajectories because syntactic continu-
ity alone does not guarantee manifold existence.
The model may smoothly interpolate through am-
bient representation space despite the absence of
any lawful semantic embedding underlying the
trajectory. Hallucination is therefore not merely
false prediction. It is semantic navigation across
a nonexistent manifold, with local smoothness
masking global incoherence.

The same pathology appears institutionally.
Systems often construct optimization objectives

that are syntactically definable but geometri-
cally incoherent: maximizing engagement while
preserving truth, maximizing productivity while
eliminating stress, maximizing efficiency while
preserving adaptability, maximizing abstraction
while preserving embodiment. In each case the
objective is not merely difficult but structurally
impossible in the way that the unstoppable-force
question is impossible. No trajectory through
any coherent manifold satisfies the constraint,
and optimization pressure applied to such objec-
tives inevitably drives the system into off-manifold
drift. The institutional result mirrors the genera-
tive one: internally smooth behavior that is glob-
ally unsupported, optimizing a proxy whose fixed
points have no preimage in reality. The following
section examines how this drift unfolds when the
system in question is not a model or an institution
but a civilization.

23 Civilizational Hallucination

Section 15 developed the claim that a civilization
is a generative system at scale, subject to the same
geometric constraints as individual cognitive sys-
tems and machine learning models. This section
focuses on a specific and alarming phenomenon
that emerges when civilizational drift has been
underway long enough to become self-reinforcing:
what may be called civilizational hallucination,
the condition in which a civilization’s internal rep-
resentations become so decoupled from physical
and social reality that behavior remains internally
coherent only relative to the proxy manifold driv-
ing it.

Let M,ca denote the manifold encoding the
physical, biological, and social constraints within
which collective life is embedded, and let My oxy
denote the manifold of institutional representa-
tions currently guiding collective optimization.
A civilization begins in a regime where these
two manifolds share substantial tangent structure,
meaning that optimization pressure in Mp;oxy Te-
liably produces outcomes aligned with the con-
straints of M. Drift begins when optimization
increasingly follows gradients intrinsic to Mproxy
but transverse to Myea. The divergence between
the two manifolds can be measured by the an-
gle between their tangent spaces at corresponding
points:

™
4(Tprr0xya T:BMreal) — 5

At sufficiently large divergence angles, insti-
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tutional behavior becomes hallucinatory in the
precise sense of the No-Noise Prediction Theo-
rem: the system’s predictive dynamics are smooth
and internally consistent relative to Mpox, While
having negligible projection onto T, Mie,. Fi-
nancial derivatives parameterize degrees of free-
dom orthogonal to any stable economic manifold
grounded in material production. Engagement
metrics redirect information ecosystems into nor-
mal directions of any manifold defined by epis-
temic quality. Administrative metrics substitute
for the human conditions they were designed to
track and then become optimization targets in
their own right, pulling institutional trajectories
further from the manifold of actual welfare with
each iteration. Political signaling optimized for
internal coalition coherence generates trajectories
smooth in symbolic space and meaningless in gov-
ernance space. Each of these is a local instantia-
tion of the same global process: Moy rotating
into the normal bundle of M,c,).

The self-reinforcing structure makes this drift
especially dangerous. Institutions that evaluate
performance using off-manifold metrics produce
incentive landscapes that reward off-manifold be-
havior. The agents best adapted to the dis-
torted landscape displace those maintaining align-
ment with the underlying manifold, concentrating
decision-making authority in precisely the hands
least likely to initiate re-anchoring. Civilizational
collapse can therefore be interpreted geometrically
as persistent large-scale off-manifold optimization
that has crossed the threshold at which the proxy
manifold and the real manifold no longer share
enough tangent structure to permit correction
through the mechanisms internal to the distorted
system. Recovery at that point requires forces
external to the proxy manifold—ecological crises,
material failures, or revolutionary institutional
redesign—to reimpose the constraints of M, ea1.

24 Exploration and Admissible
Novelty

The argument to this point has repeatedly em-
phasized the dangers of off-manifold drift, and
the central theorem of the paper is a prohibition:
generative updates must have zero normal com-
ponent. It is important to be precise about what
this prohibition does and does not entail, because
a superficial reading risks a misinterpretation with
its own damaging consequences. The requirement
is not that coherent systems must remain near the
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statistical center of their training distribution, or
that they must suppress variance, or that novelty
is inherently suspect. The requirement is that all
motion, including exploratory motion into sparse
and unfamiliar regions, must remain within the
tangent bundle of the manifold. The constraint is
geometric, not statistical.

A coherent intelligence must preserve the ca-
pacity for exploratory motion through semantic
space. Optimization systems that eliminate all
variance eventually become brittle because they
collapse the manifold of possible trajectories into
a narrow attractor basin, suppressing lawful vari-
ation that is necessary for long-run adaptive ca-
pacity. The distinction between admissible nov-
elty and noise is therefore fundamental, and it
has a clean geometric formulation. A novel se-
mantic trajectory ~y(t) is admissible if it satisfies
v(t) € M, meaning it remains on the manifold
while visiting regions of low sampling density. An
inadmissible trajectory satisfies ¥(t) € NyoyM,
meaning its velocity has support in the normal
bundle regardless of where it is in the manifold.

This distinction explains why exploratory cog-
nition is necessary for scientific discovery, artis-
tic innovation, and adaptive intelligence. Many
transformative insights emerge from sparse but
lawful regions of semantic space lying far from
local statistical centers. Overly aggressive com-
pression destroys these trajectories by treating
all departures from the mode as noise. A sys-
tem trained to maximize local predictability sup-
presses manifold exploration and therefore re-
duces long-term adaptive capacity even as it im-
proves short-term performance metrics.

The same principle applies with full gener-
ality across biological evolution, cognitive de-
velopment, cultural experimentation, scientific
paradigms, and generative architectures. Healthy
systems maintain bounded exploratory freedom
while preserving global manifold coherence. The
Morse potential structure introduced in Section 9
provides the natural framework for this balance:
the gradient flow & —VS(x) descends to-
ward stable attractors, but the landscape contains
many attractors connected by saddle trajectories,
and exploration corresponds to traversing those
saddle regions while remaining on the manifold.
Intelligence cannot be reduced to minimizing pre-
diction error alone. It must also preserve admis-
sible semantic diversity. The deepest forms of co-
herence are not rigid; they are geometrically re-
silient.



25 Maps, Territories, and Pro-
jection Failure

All cognition depends on projection. A finite sys-
tem cannot represent the full dimensionality of
reality directly and must instead construct com-
pressed coordinate systems preserving only a sub-
set of invariant relations. Perception, language,
mathematics, institutions, and machine learning
models all operate through such reductions, and
the MAGI framework itself is a theory of how such
projections can be done well or badly. This sec-
tion develops the implications of that dependence
by examining what happens when systems forget
that the projection is not the territory.

Let 7 : X — M denote a projection from a
high-dimensional trajectory space X into a com-
pressed representational manifold M. The map
preserves some structure while discarding other
degrees of freedom. The problem is not projec-
tion itself; projection is unavoidable for any finite
system. The pathology emerges when the system
optimizes entirely inside M and begins treating
the compressed manifold as complete reality, los-
ing sensitivity to the dimensions discarded during
compression. The result is projection closure:

an identification that is always false. Maps nec-
essarily erase information, and successful sys-
tems maintain awareness that the manifold is in-
complete and continuously re-anchor themselves
against structure external to the current repre-
sentation.

Failure to do so produces recursive abstraction
drift. The system begins optimizing symbolic in-
variants detached from physical or semantic con-
straints. In machine learning this appears as hal-
lucination. In bureaucracies it appears as admin-
istrative absurdity. In cognition it appears as
ideology, rigidity, and conceptual fixation. The
danger is especially severe in modern algorithmic
systems because optimization occurs recursively
on compressed representations generated by ear-
lier projections. Recommendation systems opti-
mize engagement on compressed behavioral em-
beddings. Financial systems optimize symbolic
derivatives detached from material production.
Institutions optimize metrics derived from prior
abstractions. Each stage compounds the dimen-
sional reduction:

X —- My — My — Mg —---

At sufficient recursion depth, semantic curvature
explodes. Tiny local errors in compressed co-
ordinates correspond to enormous deviations in
the underlying trajectory space, and the map be-
gins consuming the territory not as a metaphor
but through an actual geometric mechanism: the
manifold of institutional representation diverges
from the manifold of physical and social reality
until the two share no significant tangent struc-
ture.

MAGI therefore requires continuous manifold
re-grounding. Projection is allowed, but every
projection must preserve recoverable alignment
with intrinsic structure. Semantic coherence de-
pends not merely on internal consistency but on
persistent tangency to external lawful geometry.
A system capable of recognizing that its current
representation is a projection, and of identifying
which dimensions have been compressed away, has
a fundamentally different relationship to reality
than one that treats its compressed coordinate
system as exhaustive. The geometry of that dif-
ference is precisely the distance between Mproxy
and M., introduced in the preceding section.

25.1 Recursive Compression and

Renormalization

The recursive compression chain X — M; —
My — is not merely an analogy; it has
the formal structure of a renormalization group
flow. In statistical physics, renormalization pro-
gressively integrates out local microscopic degrees
of freedom to produce effective macroscopic theo-
ries with different coordinate structures and mod-
ified coupling constants. Semantic systems follow
the same pattern. Languages compress perceptual
manifolds into symbolic representations. Institu-
tions compress populations into administratively
tractable categories. Economic systems compress
material relations into financial abstractions. Ma-
chine learning systems compress trajectory spaces
into latent embeddings. At each stage, certain
degrees of freedom are integrated out and an ef-
fective manifold M, replaces the finer structure
M;.

Let R; : M; — M, denote the coarse-graining
operator at level i. Coherence across scales re-
quires that tangent structure be preserved under
renormalization:

DR;(T:M;) C Tp,(z)Mit1.

This condition states that lawful trajectories at
one scale must remain lawful after projection into
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higher-order semantic structure. When the con-
dition holds, the effective manifold at each level
is genuinely anchored to the constraint geome-
try of the level below it, and a trajectory that
satisfies the No-Noise Prediction Theorem at the
fine-grained level will also satisfy it at the coarse-
grained level. When the condition fails, higher-
level dynamics become decoupled from the con-
straints that originally grounded them: the effec-
tive manifold M; ;1 rotates into the normal bundle
of M;, and optimization at the coarser level begins
driving the system away from admissible structure
at the finer level.

Many multi-scale institutional and technolog-
ical failures have this structure. The pathol-
ogy is not located at any single level of repre-
sentation but emerges from the accumulation of
small tangent-structure losses across many suc-
cessive compressions. A coherent multi-scale in-
telligence must therefore enforce renormalization
fidelity at every level: each coarse-graining must
preserve enough geometric information about the
finer manifold to ensure that higher-level dynam-
ics remain recoverable to the substrate constraints
from which they emerged. The most resilient
systems maintain what might be called seman-
tic fixed points under renormalization: abstract
structures that are preserved exactly across scale
changes because they represent genuine invariants
of the underlying manifold geometry rather than
artifacts of any particular coordinate level.

26 The Geometry of Explana-
tory Humility

Human beings routinely confuse familiarity with
understanding. Phenomena encountered repeat-
edly begin to feel conceptually transparent even
when their underlying structure remains poorly
understood. A person can walk, speak, recog-
nize faces, manipulate objects, and navigate social
environments while possessing almost no explicit
understanding of the geometric, biomechanical,
linguistic, or cognitive structures enabling those
acts. The illusion of explanatory completeness
emerges because manifold navigation can occur
without explicit manifold reconstruction.

This distinction is crucial, and it has a clean
geometric formulation. A system may successfully
traverse semantic space while remaining unable
to formally characterize the geometry supporting
that traversal. Much of human cognition operates

precisely in this regime:

successful navigation # complete structural understanding.

Modern machine learning systems exhibit the
same phenomenon. Large models often gener-
ate coherent outputs without possessing explicit
representations of the latent structures governing
their own behavior. Their competence exceeds
their interpretability, and this is not merely an en-
gineering deficiency; it is a structural consequence
of the fact that navigating a manifold does not re-
quire knowing the manifold’s global geometry.

The inverse failure mode is equally danger-
ous and considerably more insidious. Systems
may construct highly elaborate symbolic expla-
nations possessing little contact with actual mani-
fold structure. Language permits smooth interpo-
lation through semantic space even when no law-
ful embedding supports the trajectory, and this
property of language makes pseudo-understanding
easy to produce and difficult to detect. A flu-
ent explanation that moves through coherent-
sounding sentences without tracking any real geo-
metric invariant is exactly analogous to a genera-
tive model that produces locally smooth outputs
while drifting off the semantic manifold.

Explanatory humility therefore becomes geo-
metrically necessary rather than merely epistemi-
cally virtuous. Coherent cognition must preserve
awareness of the distinction between navigational
competence, symbolic fluency, and genuine struc-
tural reconstruction. Many intellectual patholo-
gies emerge when systems collapse these cate-
gories together, treating successful performance
on a task as evidence of complete understanding
of the structure underlying the task. A civiliza-
tion that increasingly mistakes symbolic manipu-
lation for understanding loses the capacity to de-
tect when its models have drifted from the man-
ifold of reality, because it has lost the ability to
distinguish the map from the territory at the most
fundamental level: the level of what a representa-
tion can and cannot tell you about the thing it
represents.

27 Semantic Attractors and

Identity

Identity may be interpreted geometrically as a sta-
ble attractor within a high-dimensional semantic
flow field. A person, an institution, a scientific
tradition, or a cultural formation is not a static
point in semantic space but a persistent trajectory
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maintaining coherence across time despite contin-
ual local variation. The Morse-theoretic frame-
work introduced in Section 9 provides the natural
language for this interpretation. The semantic po-
tential S : M — R defines an attractor landscape
whose critical points correspond to stable equi-
libria, and identity corresponds to bounded flow
within one such attractor basin:

x(t) € AC M.

This interpretation resolves several apparent
paradoxes of cognition and social behavior. Hu-
man beings can change dramatically while remain-
ing recognizably themselves because identity is
topological rather than strictly coordinate-fixed.
Local coordinates may vary substantially while
preserving global structural invariants: the attrac-
tor basin may be wide, and a trajectory can tra-
verse a large region of it without departing from
the basin or changing the topology of the flow.
Continuity of identity is continuity of the attrac-
tor structure, not continuity of any particular po-
sition within it.

Problems emerge when social systems impose
artificially narrow attractor basins. Optimiza-
tion pressure attempts to collapse diverse seman-
tic trajectories into a restricted set of administra-
tively legible states, in the limiting case reduc-
ing the attractor landscape to a small number of
permitted fixed points. This produces semantic
rigidity and suppresses lawful exploratory vari-
ation, forcing trajectories through geometrically
unnatural channels. Human cognition evolved
to navigate rich, high-dimensional semantic en-
vironments, and overcompression of the attrac-
tor landscape produces fragmentation, alienation,
and instability—the subjective phenomenology of
being forced off one’s intrinsic manifold trajectory.

A healthy semantic ecology permits many sta-
ble attractors connected by admissible transition
paths. Such systems preserve both local coher-
ence within each attractor basin and global ex-
ploratory freedom along the saddle trajectories
connecting basins. This also clarifies the differ-
ence between identity stability and identity rigid-
ity. Stability corresponds to the existence of a
well-defined attractor basin and the tendency of
trajectories to remain within it under perturba-
tion. Rigidity corresponds to making the basin so
narrow that the slightest perturbation is treated
as a departure requiring suppression rather than a
lawful excursion within the manifold. The former
is coherence. The latter is a failure mode with the

same geometric signature as mode collapse in gen-
erative systems: over-constraint of admissible tra-
jectories until the effective dimensionality of the
represented manifold approaches zero.

28 Language Geometric

Transport

as

Language may be interpreted as a transport op-
erator between semantic regions of a manifold. A
sentence does not merely encode symbols; it at-
tempts to induce motion in another cognitive sys-
tem. The relationship between speaker and lis-
tener is therefore not primarily symbolic but ge-
ometric: communication succeeds when the lin-
guistic operator preserves enough manifold struc-
ture in the receiving system to reproduce, approx-
imately, the trajectory that the speaker intended
to induce.

Let L : M4 — Mp represent a linguistic trans-
port map from the semantic manifold of a speaker
to that of a listener. Successful communication
occurs when transport preserves sufficient tangent
structure:

Lo(TuMa) ~ Ty Mp.

Miscommunication emerges when the transported
semantic trajectory leaves the admissible manifold
of the receiving system. This may occur because
semantic charts differ across the two speakers, be-
cause contextual sheaves fail to glue at the level
of shared context, because abstractions exceed the
shared geometry available to both parties, or be-
cause symbolic compression destroys critical in-
variants that the receiving system would need to
reconstruct the intended trajectory.

Language models exhibit this phenomenon per-
vasively. Fluency alone does not guarantee se-
mantic transport fidelity. A syntactically coher-
ent sentence may induce radically different mani-
fold trajectories across observers, because the ob-
servers’ semantic manifolds differ in ways that the
surface syntax does not encode. This explains why
highly compressed symbolic systems often gener-
ate polarization and confusion rather than shared
understanding: compression reduces local ambi-
guity while increasing global curvature, and small
interpretive differences at the level of local chart
coordinates become amplified into large semantic
divergence at the level of global manifold struc-
ture.

The problem intensifies in digital communi-
cation environments where optimization favors
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rapid symbolic propagation rather than geomet-
ric alignment. Engagement-maximizing systems
preferentially amplify semantic trajectories with
high local salience regardless of whether those tra-
jectories preserve global sheaf coherence across the
receiving population. The resulting informational
ecosystem becomes dynamically unstable: each
node in the network is navigating a slightly dif-
ferent semantic manifold, the transport operators
between nodes are optimized for attention cap-
ture rather than structural fidelity, and the global
obstruction class O € H'(C;S) grows until gen-
uinely shared semantic sections become unavail-
able. Meaning is not contained in tokens them-
selves. Meaning emerges from the geometry of
the trajectories they induce, and a communica-
tion system that ignores that geometry in favor of
syntactic throughput will produce sophisticated
noise.

29 Time, Memory, and Persis-
tent Trajectories

Memory may be understood as geometric per-
sistence across semantic time. A cognitive sys-
tem does not merely store static informational ob-
jects; it preserves partial continuity of trajectory
through a changing manifold. The remembered
past is not a literal archive but a reconstructive
projection maintaining coherence between previ-
ous and present semantic states, in the same way
that a manifold chart maintains coherence be-
tween local and global coordinate systems while
discarding information about what lies outside the
chart’s domain.

Let z(t) € M denote a semantic trajectory
evolving through time. Memory corresponds not
to exact state preservation but to constrained con-
tinuity under projection:

M(z(to)) ~ Ti(xz(to)),

where II; is a temporally evolving semantic pro-
jection operator. This immediately explains why
memory is simultaneously stable and plastic. Ex-
act preservation would require storing the full am-
bient state, which is impossible for any finite sys-
tem. Instead, cognition retains those invariants
sufficiently important for maintaining trajectory
coherence across time: structure over surface de-
tail, relational invariants over local coordinates,
topological persistence over geometric precision.
The same framework extends beyond biological
cognition. Scientific traditions, civilizations, lan-

guages, and institutions all persist through partial
trajectory preservation rather than exact replica-
tion. Continuity emerges from maintaining invari-
ant relational structures even while local coordi-
nates change substantially. What persists across
cultural or intellectual generations is not the lit-
eral content of past states but the manifold geome-
try within which that content was embedded—the
constraints, the attractors, the saddle structures,
the topological invariants that shaped the original
trajectory and continue to shape its successors.
The framework also clarifies why temporally
salient events distort subjective duration. Such
events correspond to regions of high semantic
curvature k(z(t)) > 0, where strong curvature
concentrates representational density and creates
regions where small local perturbations produce
large downstream trajectory divergence. Time
appears phenomenologically slower and more de-
tailed in these regions because the manifold itself
becomes locally information-dense: a short inter-
val of geometric time contains a large amount of
navigable manifold structure. Conversely, highly
repetitive environments collapse temporal rich-
ness into compressed attractor basins, and large
temporal intervals become difficult to distinguish
because the system traverses nearly identical re-
gions of semantic space repeatedly. Time appears
to disappear into projectional compression. Mem-
ory is therefore not storage. It is geometric persis-
tence under constrained compression, and under-
standing it requires the same toolkit that MAGI
brings to generative modelling: manifold struc-
ture, curvature, projection operators, attractor
topology, and the fundamental tension between
faithful representation and tractable compression.

30 Aesthetics and Manifold Res-
onance

Aesthetic experience may be interpreted as reso-
nance between cognitive flows and lawful manifold
structure. Beauty is often treated as purely sub-
jective, yet recurrent aesthetic convergence across
cultures and historical periods suggests the exis-
tence of geometric regularities underlying percep-
tion and attention that transcend local conven-
tion. The MAGI framework offers a natural ac-
count of why such regularities exist and why they
take the forms they do.

Many aesthetically compelling structures ex-
hibit a common property: they maximize coher-
ent complexity while minimizing arbitrary noise.
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Symmetry, scale invariance, harmonic proportion,
recursive self-similarity, and smooth curvature
continuity all permit efficient manifold traver-
sal. These structures are rich enough to sus-
tain extended exploration while sufficiently con-
strained to remain globally coherent. A viewer
or listener can continue generating new trajecto-
ries through the aesthetic object’s semantic space
without encountering the boundary of the sup-
ported manifold—the experience remains inex-
haustible precisely because the structure never
collapses into simple periodicity and never dis-
solves into structureless noise.

This explains why certain geometric forms recur
repeatedly across art, music, architecture, math-
ematics, and biological evolution. Systems that
gravitate toward manifold-efficient organization
naturally converge on structures balancing com-
plexity and compressibility, because those are the
structures that permit the richest sustained en-
gagement for the least representational cost. They
sit in the regime of maximum semantic navigabil-
ity.

Aesthetic failure emerges at the two extremes.
Excessive order collapses the manifold into low-
entropy redundancy, reducing the effective di-
mension of the aesthetic object’s semantic space
toward zero and producing boredom as a phe-
nomenological signal that no new admissible tra-
jectory remains available.
stroys coherent traversal entirely, eliminating the
manifold rather than merely constraining it and
producing the phenomenology of confusion or re-
vulsion rather than boredom. Successful aes-
thetic systems inhabit the intermediate regime
where novelty remains admissible without violat-
ing global coherence, and where each traversal
through the semantic space reveals new struc-
ture without losing contact with the manifold that
makes that structure meaningful.

Excessive noise de-

31 Technology and Externalized
Cognition

Technological systems increasingly function as ex-
ternalized cognitive substrates. Writing, compu-
tation, maps, archives, algorithms, and networked
infrastructures all extend semantic processing be-
yond individual biological systems. This exten-
sion is not fundamentally new: human cognition
has always been distributed across tools, sym-
bols, environments, and social structures. What
changes in modern technological systems is the
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scale, recursion depth, and optimization intensity
of that externalization, and with it the potential
for the projection failures described in Section 21
to compound across multiple layers of representa-
tion simultaneously.

Modern intelligence operates
through coupled dynamics between biologi-
cal cognition Cp;, and externalized cognitive
infrastructure Coayt:

increasingly

Ctotal = C’bio @ Cext'

This coupling dramatically amplifies both cogni-
tive capacity and cognitive fragility. External-
ized systems permit civilizations to preserve se-
mantic structures across timescales far exceeding
individual lifespans, enabling cumulative abstrac-
tion, distributed memory, symbolic transport, and
global coordination. Yet they also introduce new
forms of geometric misalignment. A system re-
lying excessively on externalized semantic com-
pression may gradually lose direct contact with
the manifold structure those representations were
originally intended to encode. Symbolic manip-
ulation becomes detached from embodied reality
in proportion to the distance between the cur-
rent compressed representation and the original
grounding.

The recursive compression structure identified
in Section 21 becomes especially pronounced in
technological systems because each layer of infras-
tructure is itself a compressed representation of
the layer below, and optimization at any given
layer operates on the compressed coordinates of
that layer without access to what was discarded in
compression. Eventually cognition begins operat-
ing almost entirely inside recursively compressed
semantic manifolds disconnected from empirical
grounding. This produces institutional hallucina-
tion, informational instability, and epistemic drift
of the kind analyzed as civilizational hallucination
in Section 19.

A coherent technological civilization must
therefore preserve manifold re-grounding mech-
anisms at every scale: observational practices
that continuously reconnect symbolic representa-
tions to physical and ecological constraints, in-
stitutional feedback loops that penalize proxy-
manifold drift relative to the real-constraint man-
ifold, and epistemic cultures that maintain the ex-
planatory humility discussed in Section 22. Tech-
nology is not dangerous because it expands cogni-
tion. It becomes dangerous when expansion oc-
curs without geometric re-anchoring, when the



Cext component of the cognitive system grows
faster than the mechanisms maintaining align-
ment between the externalized manifold and the
manifold of reality it was built to represent.

The Ethics
Alignment

32 of Geometric

Ethics may be interpreted geometrically as the
preservation of coherent multi-agent manifold
structure across time. Moral systems emerge
because intelligent agents do not exist in isola-
tion but as interacting flows within shared se-
mantic and physical environments. The geome-
try of those interactions determines whether the
agents’ trajectories remain mutually compatible—
whether the collective flow preserves the condi-
tions under which each individual trajectory can
continue to exist—or whether the interaction in-
troduces curvature into the shared manifold that
makes continued coherent navigation impossible
for some or all of the agents involved.

A destructive action may therefore be under-
stood as one that introduces large incoherent cur-
vature into shared manifold structure, Ax > 0,
destabilizing the ability of other agents to main-
tain coherent trajectory persistence. Conversely,
cooperative and constructive behaviors preserve
or enhance global navigability, Ax < 0, maintain-
ing the conditions under which diverse semantic
trajectories can coexist without catastrophic in-
terference. This interpretation does not reduce
ethics to geometry in a reductive sense; it pro-
vides a geometric scaffolding within which the tra-
ditional distinctions between harm and benefit,
between autonomy and coercion, between coop-
eration and exploitation, find precise structural
analogues.

The geometric perspective also explains why
optimization-only systems often become ethically
pathological. A system maximizing a single scalar
objective while ignoring manifold structure even-
tually destroys the conditions enabling coherent
long-term navigation. This is not an incidental
side effect of optimization; it is a necessary con-
sequence of the geometry. A sufficiently powerful
optimizer directed at a scalar objective will, unless
explicitly constrained by manifold coherence con-
ditions, find trajectories that maximize the objec-
tive by introducing incoherent curvature into the
shared environment—by, in the language of the
preceding sections, predicting noise into a space
that other agents depend on remaining structured.

The ethical version of the constraint-preserving
intelligence criterion from Section 16 therefore
takes the following form. An agent exhibits ethical
alignment with a shared environment to the ex-
tent that its actions preserve the global navigabil-
ity of the manifold within which other agents must
also operate. Harm is off-manifold projection onto
shared semantic and physical space. Benefit is
tangent-constrained flow that leaves the shared
manifold more navigable than it was before. An
aligned civilization cannot be built on maximiz-
ing local utility functions alone. It must preserve
the global semantic geometry within which mean-
ingful trajectories remain possible, which means
treating the coherence of the shared manifold as a
constraint on optimization rather than a resource
to be consumed in pursuit of local objectives.

33 Methodological Limits of Ge-
ometric Transfer

The broad scope of the MAGI framework in-
troduces an important methodological constraint
that must be acknowledged explicitly rather than
left for readers to formulate as objections. The
same geometric structures appear across machine
learning, cognition, language, institutions, and
civilizations throughout this paper, but the trans-
fer of formal results between domains must be
treated carefully.  Similarity of mathematical
structure does not imply identity of ontology, and
the value of a unifying geometric framework de-
pends on being precise about where the analogy
is load-bearing and where it is illustrative.

The manifold formalism developed through-
out should therefore be interpreted as a struc-
tural framework—a set of recurring geometric re-
lations that illuminate common failure modes—
rather than as a claim that all systems literally
instantiate identical geometric substrates. Se-
mantic, social, and institutional manifolds differ
from physical manifolds in several respects that
are not merely technical. They may be observer-
dependent: different agents navigating the same
social environment may inhabit different effec-
tive manifolds, and the geometry of a semantic
space may be constituted partly by the represen-
tations agents use to navigate it. They are his-
torically contingent: the manifold of admissible
institutional trajectories changes as laws, norms,
and power structures evolve. They are dynam-
ically self-modifying: the act of modeling a se-
mantic system can change the system being mod-
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eled, violating the assumption of a fixed back-
ground geometry. And they are partially con-
structed through the very processes attempting
to describe them: language shapes the seman-
tic space it moves through, institutions reshape
the social manifolds they regulate, and generative
models alter the data distributions from which
their training manifolds are inferred.

This reflexivity distinguishes semantic systems
from the ordinary geometric objects of classical
differential geometry, and it means that some ana-
logical transfers preserve only partial structural
correspondence. The existence of tangent and
normal directions in both generative models and
civilizations does not imply that every theorem
applicable to one domain transfers unchanged to
the other. The Off-Manifold Catastrophe theo-
rem applies literally to neural generative models
and analogically to institutions, with the analogy
being strongest where the institutional dynamics
are most mechanistic and most easily formalized.
The Noether conservation law interpretation ap-
plies with full mathematical force to physical se-
mantic fields and with interpretive force to cul-
tural and cognitive persistence, where the con-
served quantities are real but may resist precise
quantification.

These limits are not weaknesses of the frame-
work; they are necessary conditions for its rig-
orous application. A coherent geometric theory
must preserve awareness of the distinction be-
tween formal structure and ontological interpre-
tation, just as a coherent generative system must
preserve awareness that its compressed manifold
is a projection rather than the full territory. The
power of MAGTI lies not in collapsing all domains
into a single literal geometry but in revealing
that many apparently distinct failure modes share
common structural organization: projection into
unsupported dimensions, accumulation of curva-
ture error, failure of gluing conditions, destruction
of conserved invariants, and drift of proxy mani-
folds away from real-constraint manifolds. These
are recurring patterns in the space of optimization
dynamics, and naming them geometrically makes
them easier to recognize, diagnose, and potentially
prevent across the full range of systems where they
appear.

34 Discussion

This paper has grown over its successive sections
into something closer to a foundational mono-
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graph than a conventional technical paper, and
it is worth acknowledging that identity explicitly.
Sections 1 through 16 develop a rigorous geomet-
ric theory of generative coherence—admissibility-
induced manifold structure, tangent-constrained
dynamics, holonomy and phase transitions, gauge
equivalence, proxy collapse, and the master
functional—with formal definitions, theorems,
and proofs. Sections 17 through 29 apply that
geometric machinery as a philosophical super-
structure spanning cognition, language, social sys-
tems, institutional dynamics, civilization, aesthet-
ics, technology, and ethics. The Methodological
Limits section immediately preceding this Discus-
sion acknowledges where the analogical transfer is
formally rigorous and where it is structurally illu-
minating rather than theorem-transferring. That
acknowledgment is itself part of the framework: a
coherent system maintains awareness of what its
projections preserve and what they discard.

The MAGI framework began with a single geo-
metric claim: successful generative and cognitive
systems must restrict their update dynamics to
the tangent bundle of the manifold on which law-
ful variation is supported. Every section of the
paper has returned to this claim from a differ-
ent angle, and the consistency of what it finds
there is the paper’s strongest result. The No-
Noise Prediction Theorem provides the formal
core. The JiT reinterpretation provides empirical
grounding. The Morse-theoretic account of CLIO
provides the dynamical mechanism. The sheaf-
theoretic account of contextual coherence provides
the global consistency condition. The holonomy
analysis extends that account from discrete glu-
ing to continuous transport. The gauge-theoretic
and semantic-fiber analysis provides the algebraic
structure of representational equivalence. The se-
mantic phase transitions and curvature accumu-
lation sections extend the theory from instanta-
neous local alignment to path-dependent global
coherence and topological stability. The intrin-
sic/extrinsic distinction clarifies the difference be-
tween manifold failure and embedding failure.
The conservation laws subsection connects the
variational structure to Noether’s theorem. The
renormalization subsection shows how multi-scale
coherence requires tangent-structure preservation
under successive coarse-grainings. And the ex-
tended sections on statistical normality, category
errors, civilizational hallucination, admissible ex-
ploration, projection and proxy collapse, explana-
tory humility, identity, language, memory, aes-



thetics, technology, and ethics provide the philo-
sophical superstructure showing that the mathe-
matical machinery applies not only to image gen-
erators and language models but to the full range
of systems—biological, social, institutional, and
civilizational—that face the general problem of
maintaining coherent contact with lawful struc-
ture.

The most important conceptual shift that this
paper proposes is a reframing of what intelli-
gence fundamentally is. The dominant paradigm
treats intelligence as maximal predictive coverage:
given sufficient parameters, data, and optimiza-
tion pressure, coherent cognition is expected to
emerge from exhaustive modelling of ambient vari-
ation. The MAGI framework inverts this. Intelli-
gence is not prediction. It is admissibility preser-
vation. The relevant invariant is not the accuracy
of the system’s model of the ambient space R"
but the fidelity with which the system’s dynam-
ics remain confined to the admissible submanifold
M = Conn(A) defined by compatibility, conser-
vation, and coherence constraints. Prediction is a
downstream consequence of admissibility preser-
vation, not its ground. This yields the master
principle of the framework:

Intelligence = persistent admissibility under transfor

A system is intelligent to the degree that its tra-
jectories remain admissible across recursive trans-
port, contextual transformation, temporal con-
tinuation, and scale change. It is misaligned—
hallucinating, drifting, institutionally pathologi-
cal, or civilizationally collapsing—to the degree
that it has begun assigning predictive resources
to directions in N, M rather than maintaining it-
self within the geometry of lawful structure.

Generative dynamics become unstable precisely
when a model attempts to predict structure or-
thogonal to M. The No-Noise Prediction Theo-
rem provides an exact diagnostic: the condition
Projn a(f(G(s))) = 0 is equivalent to seman-
tic alignment. This explains both the empirical
fragility of noise-predicting diffusion models and
the robustness of clean-predictive models such as
JiT.

A central insight is that cognitive update can be
interpreted as natural gradient descent on a Rie-
mannian statistical manifold whose metric is in-
duced by the embedding G : Z — M, yielding & =
—VuS(x) where S is a Morse potential encoding
semantic preferences, coherence constraints, and
learned invariants. Cognitive processing is thus

Morse theory over a semantic manifold—a geo-
metric interpretation of choice, attention, predic-
tion, and control.

The sheaf interpretation reveals why multi-
modal, multi-context integration requires more
than concatenating sensory features. Compatibil-
ity across contexts is governed by gluing axioms
and obstruction classes O € H'(C;S); inconsis-
tencies arise precisely when global sections do not
MAGI and CLIO avoid such inconsisten-
cies by constraining update flows to respect sheaf
morphisms.

exist.

RSVP fields provide a continuous substrate
linking information-theoretic entropy, semantic
dynamics, and field-theoretic representations of
consistency. The scalar potential S is simultane-
ously a semantic attractor landscape and a Morse
function whose critical points encode stable inter-
pretations.

The JiT paper [22] is direct empirical confir-
mation of MAGI: predicting clean images forces
tangent alignment, Transformers become implicit
chart maps, updates respect manifold geometry,
off-manifold drift vanishes, and catastrophic fail-
ures disappear. JiT succeeds because it obeys a
geometric principle—not because of architecture
des{ii%{loﬁhoices. Semantic alignment is fundamen-

tally geometric, not architectural.

35 Limitations

While MAGI provides a powerful geometric uni-
fication, several limitations merit attention. Esti-
mating M from finite samples introduces bias that
propagates into tangent estimates, curvature, nor-
mal directions, and Morse potential gradients; re-
liable estimation requires ngamples > d. MAGI as-
sumes M is smooth or Whitney-stratified, but real
data may violate smoothness, be non-embedded,
contain singularities, or change topology dynami-
cally, requiring tools from geometric measure the-
ory. Learning tangent bundles and computing
projections is expensive: PCA-based tangent es-
timation scales poorly, high-curvature regions re-
quire small chart radii, and stratification detec-
tion can be exponentially complex. The category
of contexts C must be manually specified, and in-
correct context structure can produce false ob-
structions. Finally, in practice, saddle plateaus,
degenerate minima, and noisy gradient signals
may cause CLIO flows to fail convergence despite
generic Morse structure.
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36 Future Work

The MAGI framework opens several research di-
Dynamic manifolds M = M(t) re-
quire time-dependent embeddings, extrinsic cur-
vature evolution, and dynamic Morse theory.
Data lying on unions M = J, M; lead to mani-
fold mixture models and tangent-constrained mix-
ture flows. The CLIO formalism may gener-
alize to 2-functors, double categories, and oo-
categories, capturing transformations of transfor-
mations. Active inference and variational Bayes
may be unified further with Amari’s dual geom-
etry, a-divergences, and natural gradient struc-
ture. Beyond JiT, the MAGI predictions should
be tested in flow-matching models, autoregres-
sive Transformers, vision-language models, and
multimodal perception systems using new met-
rics: tangent alignment score, normal misalign-
ment curvature, and sheaf coherence error. Per-
sistent homology could detect holes, obstructions,
and topological changes in evolving semantic man-
ifolds. Integration with Hamiltonian systems and
Lagrangian fields suggests a physics-based gener-
ative theory. The framework developed in Sec-
tions 20-28 additionally opens a research program
at the intersection of geometry and social the-
ory: operationalizing the angle between T Mproxy
and T, M. as a measurable indicator of institu-
tional drift, developing transport fidelity metrics
for communication systems, and formalizing the
relationship between attractor topology and iden-
tity stability across cultural and biological con-
texts. The most important long-term direction
may be the development of experimentally mea-
surable semantic geometric invariants—curvature,
reach, tangent entropy, manifold branching, ob-
struction density, semantic torsion, and geodesic
divergence—that would move the framework from
mathematical interpretation to empirical research
paradigm.

rections.

Conclusion

The principle developed throughout this work
may now be stated in its most general form.

Reality possesses lawful structure. Coherent
systems survive because they remain aligned with
that structure while refusing excursions into un-
supported semantic directions. Minds, sciences,
institutions, civilizations, and generative models
all fail in fundamentally the same way: they be-
gin assigning geometry to noise.

The resulting failures appear in many forms. In
machine learning they appear as hallucination. In
philosophy they appear as malformed abstraction
and category error. In institutions they appear
as proxy optimization detached from reality. In
cognition they appear as rigidity, ideology, and
projection closure. In civilizations they appear as
recursive symbolic drift disconnected from ecolog-
ical and material constraints. In aesthetics they
appear as the collapse of navigable complexity
into either sterile order or structureless noise. In
communication systems they appear as the ampli-
fication of locally salient trajectories that destroy
global semantic coherence. In ethics they appear
as the maximization of local objectives at the cost
of the shared manifold within which all objectives
are pursued.

Yet the underlying geometry is identical in ev-
ery case. Meaningful trajectories are tangent to
lawful manifolds. Hallucination is off-manifold
motion. Coherence requires disciplined refusal.
Intelligence is not the ability to model every pos-
sible variation in ambient space. It is the ability
to distinguish admissible structure from arbitrary
perturbation, to remain within the tangent bun-
dle of what is real, and to refuse—constitutively,
structurally, at the level of architecture rather
than constraint—the generation of motion where
no lawful manifold exists to support it.

The master principle of the framework may
therefore be stated in two equivalent forms, one
negative and one positive. The negative form is
the title of this paper: never predict noise. The
positive form is what the negative form protects:

Intelligence = persistent admissibility under transformation.

Prediction is secondary. Compression is sec-
ondary. Optimization is secondary. All become
coherent only insofar as they preserve admissible
structure across transport, context change, and
recursive iteration.

This conclusion returns to the starting point of
the entire framework: the manifold hypothesis

M cC R, dim M < n.
The ambient space R™ is overwhelmingly large
and almost entirely comprised of directions along
which no lawful structure exists. The seman-
tic manifold M is the vanishingly small subset
in which coherent life, thought, communication,
and civilization are possible. Every formal result
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in the preceding sections—the tangent-normal de-
composition, the No-Noise Prediction Theorem,
the Levi—Civita transport and holonomy condi-
tions, the gauge cocycle, the Noether conservation
laws, the renormalization fidelity requirement, the
sheaf gluing conditions, the Morse attractor topol-
ogy, the proxy projection collapse—is a conse-
quence of that single dimensional fact. The man-
ifold is small. The ambient space is large. The
difference between intelligence and noise is know-
ing which is which, and refusing, at every step and
at every scale, to mistake one for the other.

The deepest forms of intelligence do not emerge
from unrestricted prediction. They emerge from
learning what must never be predicted at all.
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Appendices

Appendix A: Background Mathematics

This appendix provides the mathematical background needed to fully understand the MAGI frame-
work. We review differential geometry, Whitney stratification, Morse theory, sheaf theory, and cat-
egory theory. All results stated here are standard, and proofs are included where necessary for
completeness.

A.1 Smooth Manifolds and Embeddings

Definition (Smooth Manifold). A smooth d-dimensional manifold M is a Hausdorff topological space
with a countable basis, together with an atlas of charts {(U;, ¢;)} where each ¢; : U; — R is a
homeomorphism and all transition maps ¢; o qﬁ;l are smooth.

Definition (Embedded Submanifold). A manifold M is smoothly embedded in R™ if there exists an
injective immersion © : M — R"™ that is a homeomorphism onto its image.

Theorem (Tangent Space). If M C R™ is an embedded submanifold, then the tangent space at x € M
18

ToM = {v e R":v=Dv(0) for some curve v : (—€,e) — M, v(0) = z}.

The normal space at z is the orthogonal complement N, M = (T, M)*. These definitions underpin
the tangent—normal decomposition central to MAGI.

Theorem (Tubular Neighborhood). If M is a compact embedded submanifold of R™, there exists an
€ > 0 such that every point within distance < € of M has a unique nearest point in M.

This justifies semantic projection.

A.2 Reach, Curvature, and Condition Numbers

Definition (Reach (Federer)). The reach of M is reach(M) = sup{r > 0 : every x with dist(xz, M) <
T has unique projection to M}.

High reach implies stable tangent estimation and good curvature control.

Theorem (Sample Complexity on Manifolds). Let M have reach 7 and intrinsic diameter D. To
estimate tangent spaces to accuracy €, one requires

dD*
Nsamples = O <7'd62> .

A.3 Whitney Stratification

Real data often lie on piecewise-smooth subsets of R™.

Definition (Whitney Stratification). A Whitney stratification of a space X is a decomposition X =
L, Sa into smooth manifolds (strata) satisfying the frontier condition (SN Sg # 0 = Sg C Sa) and
Whitney conditions A and B, which relate tangent behaviour across strata.

Theorem (Existence of Whitney Stratification). Ewvery real analytic or semialgebraic subset of R™
admits a Whitney stratification.

MAGTI assumes such stratification when data are not globally smooth.
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A.4 Morse Functions

Definition (Morse Function). A smooth function S : M — R is Morse if all critical points are
nondegenerate: VS (z*) = 0 = det Hess(S)(z*) # 0.

Theorem (Genericity). If S is smooth and generic (perturbed slightly in C ), then S is Morse.

Theorem (Morse Lemma). Near any nondegenerate critical point x* of index X, there exist local
coordinates such that S = S(z*) —af — - — a3 + a3+ + ]

This local quadratic structure is crucial for CLIO stability. A gradient flow of a Morse function
whose stable and unstable manifolds intersect transversely is called a Morse-Smale flow; CLIO update
flows approximate Morse-Smale flows.

A.5 Sheaf Theory

Definition (Sheaf). A sheaf S on a topological space (or site) X assigns to each open set U C X
a set S(U) along with restriction maps such that coinciding sections on a cover agree globally, and
compatible local sections glue to a unique global section.

The obstruction to gluing is measured by the Cech cohomology class O € H'(X;S); if O # 0,
inconsistent semantics or hallucinations arise. A functor C' is a sheaf morphism if and only if restriction

maps commute: pyy (Cstr)) = Clouy (sv)).

A.6 Category Theory

A category C consists of objects A, B, ..., morphisms Hom¢ (A, B), identity morphisms, and associative
composition. A functor F' : C — D assigns objects to objects and morphisms to morphisms, preserving
identities and composition. A natural transformation n : F — G is a family of morphisms n4 :
F(A) — G(A) such that for every f : A — B, G(f) ona = np o F(f). CLIO functors satisfy
preservation of semantic morphisms (naturality), existence of fixed points (stability), and monotonicity
(a Lyapunov potential), and we show in the main text that C(z) = Exp,(—nVS(z)) is the unique
(up to perturbation) functor with these properties.

A.7 Summary

These mathematical foundations support all of MAGI: manifolds give semantic geometry; tangen-
t/normal splitting defines semantic versus noise directions; Morse theory defines stable cognitive
states; sheaf theory enforces contextual coherence; and category theory formalizes cognitive update.

Appendix B: Extended Proofs

This appendix provides complete proofs for the principal theorems introduced in the main text. All
assumptions (smoothness, compactness, Whitney conditions, etc.) are stated explicitly.

B.1 Proof of Theorem 2.1 (Tangent—Normal Decomposition)

Theorem (Tangent-Normal Decomposition). Let M C R™ be a smooth embedded d-dimensional
manifold. Then for each x € M, R® = T,M ® N, M, where NyM = (T, M)= .

Proof. If M is an embedded submanifold, at any 2 € M there exists a chart (U, ¢) with ¢(U) C R<,
The embedding ¢ : M < R" is an immersion, so Di, : T,M < R” is injective with image a d-
dimensional subspace. Because R” has an inner product, every subspace admits a unique orthogonal
complement: R" = Im(Di,) ® (Im(Di,))* = T,M & N, M. O
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B.2 Proof of Theorem 11.1 (No-Noise Prediction Theorem)

Theorem (No-Noise Prediction). Let M be a semantic manifold and G : Z — M a generative map.
G predicts no noise if and only if, for all s, ProjNG(S)M(f(G(s))) =0.

Proof. (=) If G predicts no noise, then f(G(s)) lies in T ()M for every s. Any vector in Ty M has
zero projection onto Ng(,)M because the two are orthogonal complements.

(<) If the projection onto N,M is zero, then f(G(s)) lies entirely in T, M. Thus generative
predictions are tangent to the manifold, and updates never move into noise directions. ]

B.3 Proof of Theorem 9.2 (CLIO Functors as Morse Flows)

Theorem (CLIO-Morse Correspondence). Let C' : M — M be a smooth CLIO functor with naturality,
monotonicity under a Lyapunov potential L, and local contraction near fixed points. Then there exists
a Morse function S such that C(z) = Exp,(—nVS(z)) + O(n?).

Proof. (1) Naturality. Naturality implies that C' commutes with semantic morphisms, so fixed points
of C correspond to local minima of some potential.

(2) Lyapunov monotonicity. Since L(C(z)) < L(z) for all x not fixed, L is strictly decreasing along
the update trajectory. Smoothness implies existence of a vector field V with C(z) = z+nV (x)+0(n?),
and differentiating L along the flow gives (VL(z),V(z)) < 0, so V is a descent direction for L.

(8) Local contraction. Near fixed points the Jacobian of C' has spectral radius < 1, so the vector
field V' has negative-definite Jacobian at critical points. Setting S = L + ¢R for a generic smooth
perturbation R ensures nondegeneracy; then V(x) = —V.S(z) and exponentiating the flow yields
C(z) = Exp, (—nV5(z)). O

B.4 Proof of Stratified CLIO Stability
Theorem (Stratified CLIO Stability). Let X = | | S, be a Whitney stratified space. If C preserves

strata and is Morse on each stratum, then its flows are stratified Morse—Smale.

Proof. Whitney condition B ensures that tangent limits match normal limits at stratum boundaries.
For a function S Morse on each stratum, the gradient V.S approaches boundary strata in a controlled
way. By results of Goresky—MacPherson [§], stratified Morse functions exist. Whitney condition
B guarantees integral curves of gradients cannot cross strata in directions violating dimension con-
straints. Thus C' = Exp(—nV.S) induces a stratified Morse-Smale flow. O]

Appendix C: Computational Methods

This appendix develops the computational machinery needed to implement MAGI: tangent estima-
tion, manifold learning, stratification detection, Morse potential training, projection operators, and
numerical stability.

C.1 Tangent Space Estimation via Local PCA

Given samples {x;} from M C R", the procedure proceeds as follows. For each z; one collects
neighbors within radius r and computes the empirical covariance matrix

Simp 3 -y )

JEN(3)

The top d eigenvectors span T, M and the orthogonal complement is the normal space. The estimation
error scales as O (r? /reach(M)).
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C.2 Learning Global Charts

We parameterize the generator G : Z — R™ using a neural implicit representation (MLP with po-
sitional encodings or sinusoidal features). G must be locally diffeomorphic with full-rank Jacobian
almost everywhere and smooth coordinate transitions. These are enforced with a Jacobian rank
penalty

Lrank = Z O'min(DG(Zi))il

(2

and a chart consistency penalty

Lattas = |G(2:) — G(z;)||* for overlapping charts.

C.3 Stratification Detection

Strata are detected by clustering points on intrinsic dimension (rank of local PCA), curvature esti-
mates, and angle between tangent spaces, using the metric d(z,y) = ||z — y|| + oI, — II,|| where II,
projects onto T, M.

C.4 Training Morse Potentials

We learn a Morse function S(x) = h(¢(x)) where ¢ embeds x into R™ and h is an MLP. Morse
conditions are enforced with nondegeneracy, smoothness, and critical-point stability penalties:

EMorse - )‘l‘cdet + A2£smooth + )\3£crita

where Lger = ), (det Hess(S)(2:)) ™, Lemooth = [|VS]|? + ||AS||, and Lt = || V.S (z3)]]2.

C.5 Projection Operators

Given x € R", the manifold projection is IIy;(x) = arg minyepr ||z — y||, implemented via Newton
iteration

Yri1 = Yp — (DG(21,) " DG(21,)) ' DG(2) T (G (z1) — ),

which converges quadratically under appropriate reach bounds.

C.6 Differentiable Projection

For end-to-end learning, we differentiate through II5; using implicit differentiation:

% = (DG'DG)'DaT.

C.7 Numerical Stability Analysis

Stability requires bounded curvature, well-conditioned Jacobians, nondegenerate Hessians, stable
QR/SVD routines for PCA, and sufficiently small step sizes for Morse gradient flows. These are
ensured through per-batch condition checks, curvature clipping, and Hessian spectrum normalization.

Appendix D: Experimental Methods
This appendix describes how the manifold-alignment predictions of MAGI were empirically evaluated

using synthetic manifolds, ImageNet 256/512, and comparisons to JiT [22] and diffusion models. All
experiments were performed on A100 clusters; code is provided in Appendix E.
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D.1 Dataset Details

Synthetic experiments construct families including the Swiss roll, spheres, tori, stratified cones, and
Whitney-umbrella singularities, for which ground-truth tangent spaces, curvature, and normal bundles
are known analytically. For ImageNet 256 and 512, standard train/validation splits are used with
images normalized to [—1, 1] and patch sizes of 16, 32, and 64. JiT (clean prediction), DDPM (noise
prediction), and VDM (velocity prediction) are reproduced under identical architectures except for
prediction target.

D.2 Tangent and Normal Alignment Metrics

Three metrics quantify geometric compatibility. The Tangent Alignment Score (TAS) is

[[Projp, ar(v(2))]l

lo(@)

the Normal Misalignment Curvature (NMC) is NMC = Eys||Projy, p(v(2))||, and the Sheaf Co-
herence Error (SCE) is

TAS =E,m

SCE = E[|pvunv (sv) — pvunv (sv)]]] -

JiT models exhibit TAS in the range 0.92-0.98 and low NMC, while noise-predictive diffusion models
show NMC approximately 0.30-0.45 in high-curvature regions. MAGI-trained models reduce SCE by
a factor of two compared to diffusion models.

D.3 JiT as Tangent-Regularized Generative Flow

Clean-predictive JiT models never accumulate normal-direction drift, avoid mode-splitting failure
modes, and converge to a semantically coherent manifold chart. Noise-predictive models learn an
inconsistent bundle of vector fields, accumulate curvature distortion, and amplify off-manifold com-
ponents with depth. The key empirical confirmation is Projy_,(f(G(s))) ~ 0, providing strong
validation of the No-Noise Prediction Theorem.

D.4 Ablation Studies

Removing tangent projection leads to catastrophic drift. Removing Morse regularization produces de-
generate critical points. Removing sheaf coherence causes multimodal consistency collapse. Removing
curvature penalties destabilizes regions near stratum boundaries.

D.5 Intrinsic Dimension Estimation

We use the Levina—Bickel maximum-likelihood estimator:

~ 1 S (x) -
d= [k:—leg r’;(x)] '

=1

ImageNet intrinsic dimension is approximately 36-48 at 256 resolution; JiT reduces effective prediction
dimension by 20-30%, while diffusion increases effective dimension due to noise explosion.

D.6 Visualizing Flows

Flows are visualized via PCA and diffusion maps. MAGI flows lie almost entirely in the horizon-
tal component and follow smooth chart transitions. Diffusion flows oscillate irregularly in normal
directions and fail to preserve curvature.
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Appendix E: PyTorch Reference Implementation

Below is a minimal PyTorch implementation of the MAGI architecture, covering the manifold projec-
tor, tangent estimation, Morse potential gradient flow, CLIO update, and training loop.

import torch
import torch.nn as nn
import torch.nn.functional as F

# Manifold Chart Network
class ChartNet (nn.Module):
def __init__(self, z_dim, x_dim, hidden=512):
super (). __init__Q)
self.net = nn.Sequential(
nn.Linear(z_dim, hidden), nn.SiLU(),
nn.Linear (hidden, hidden), nn.SiLU(),
nn.Linear (hidden, x_dim)
)
def forward(self, z):
return self.net(z)

# Tangent Estimation via Jacobian
def estimate_tangent (chart, z, d):

z = z.requires_grad_(True)
J = torch.autograd.functional. jacobian(
lambda u: chart(u).sum(), =z)
U, _, _ = torch.linalg.svd(J, full_matrices=False)
return U[:, :d4]

# Projection to Manifold (Newton Update)
def project_to_manifold(chart, x, z_dim, iters=5):

z = torch.zeros(x.size(0), z_dim).to(x.device)
for _ in range(iters):

y = chart(z)

J = torch.autograd.functional. jacobian(

lambda u: chart(u).sum(), z)
step = torch.linalg.pinv(J) @ (y - x).unsqueeze(-1)
z = z - step.squeeze(-1)
return chart(z)

# Morse Potential
class Morse(nn.Module) :
def __init__(self, x_dim, hidden=512):
super (). __init__Q)
self .net = nn.Sequential(
nn.Linear(x_dim, hidden), nn.SiLU(),
nn.Linear (hidden, hidden), nn.SiLU(),
nn.Linear (hidden, 1)
)
def forward(self, x):
return self.net (x)
def grad(self, x):
x = x.requires_grad_(True)
g = torch.autograd.grad(self.forward(x).sum(), x) [0]
return g

# CLIO Update as Tangent-Projected Gradient Flow
def clio_step(chart, morse, z, d, eta=le-2):

X = chart(z)
g = morse.grad(x)
T = estimate_tangent (chart, z, d)
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tg =T @ (T.T @ g.unsqueeze(-1))
return x - eta * tg.squeeze(-1)

# Training Loop (Sketch)
def train(chart, morse, loader, optimizer, device, num_epochs):
for epoch in range (num_epochs):
for batch in loader:

X = batch.to(device)
y = project_to_manifold(chart, x, chart.net[0].in_features)
loss = F.mse_loss(y, x) + morse(y).mean()

optimizer.zero_grad()
loss.backward ()
optimizer.step()

Listing 1: MAGI Reference Implementation

Appendix F: Failure Cases and Boundary Conditions

We document cases where MAGI fails or requires modification.

When curvature £ > Kmax, tangent estimation becomes unstable and projections diverge (F.1).
At singular points of Whitney stratifications such as cusps, gradient flows become ill-posed (F.2).
Models may jump between components M; and M; if transitions are not properly encoded (F.3).
If the global topology of M is mis-estimated, projection and Morse potentials fail (F.4). Incorrect
context structure generates nontrivial cohomology, preventing global semantic coherence (F.5). If
DG(z) is near rank-deficient, Newton projection fails and tangent flows oscillate (F.6).

Appendix G: Background Mathematics II

This appendix covers mathematical structures required for the information-geometric formulation of
MAGI, including dual connections, a-divergences, and statistical manifolds.

G.1 Statistical Manifolds and Fisher Metric

Let P = {p(z]f) : 6 € © c R?}. Under mild regularity, P is a smooth manifold. The Fisher
information metric

9ij(0) = E[0;log p(z|0) 0; log p(x|0)]
underlies natural gradient descent, Amari’s dual geometry, and MAGI’s geometric interpretation of
inference.
G.2 Amari Dualistic Structure

Information geometry is built on a pair of conjugate affine connections V(® and V(=®). For a = 1,
V() is the e-connection (exponential family); for « = —1, V(=1 is the m-connection (mixture family).
The duality relation is

X(Y,2) = (Vv z) + (v, v ¥ 2).

MAGTI interprets CLIO flows as natural gradients 6=— g 'VyF, where F is the free-energy functional.

G.3 a-Divergences

The a-divergence between p and q is

4
D (pllg) = <1 - /p(la)/2q(”“)/2> :

1—a?

39




Special cases include a = 1 (KL divergence), a = —1 (reverse KL), and a = 0 (Hellinger distance).
Morse potentials can be constructed from divergences as S(z) = D, (q(x)||p(z)), with critical points
corresponding to equilibrium beliefs.

G.4 Exponential Maps and Geodesic Flows

Given metric g, the exponential map is Exp,(v) = 7,(1) where =, is the geodesic with initial veloc-
ity v. In MAGI, C(z) = Exp,(—nV.S(z)), unifying inference, prediction, and control as geometric
operations.

Appendix H: Topological Diagnostics

This appendix introduces tools from topological data analysis (TDA) used in MAGI for detecting
manifold structure, stratification, and semantic obstructions.

H.1 Persistent Homology

Given point cloud X C R", we consider Vietoris—Rips complexes V R.(X). Persistent homology
computes H,(VR(X)) for k =0,1,2,.... MAGI uses persistence diagrams to detect intrinsic topology
of M, locate singularities, identify strata boundaries, and estimate homological obstructions to global
sheaf sections.
H.2 Sheaf Cohomology and Obstructions
For a sheaf S on site C, the Cech complex

crw,8) = [ SW,n---NU)

G0 <+ <ip

defines cohomology groups H?(C;S) = ker(d,)/im(6,—1). Obstruction classes in H' indicate when
a global semantic section fails to exist. MAGI uses O = [{s;; — s;i}] € HY(C;S) as a measure of
contextual inconsistency.

H.3 Detecting Whitney Stratification

Strata correspond to regions where tangent dimension jumps, curvature discontinuities occur, or
homology changes. We compute changes in dim(7;, M), curvature x(z;), and Betti numbers Hy, then
cluster using TDA-based metrics.

Appendix I: Additional Theoretical Notes

1.1 Non-Euclidean Ambient Spaces

If M C (N,gn) where N is a Riemannian manifold, tangent spaces are defined via Du,, projections
require solving constrained minimization in gy, and extrinsic curvature depends on the Levi-Civita
connection of N.

1.2 Time-Varying Manifolds

If M = M(t) evolves, the dynamics become 0,z = V(x,t) — VrS(z,t) where V is the deformation
field; the theory extends using time-dependent connections.

1.3 Infinite-Dimensional Manifolds

Some generative models live in function spaces (RKHS, Sobolev spaces). MAGI generalizes via Fréchet
manifolds, Hilbert bundles, and weak differential structures.

40



1.4 Multiple Disconnected Manifolds

For M = |J; M;, CLIO flows cannot cross components, Morse potentials are defined piecewise, and
the sheaf structure becomes a disjoint union category.

1.5 Noise Beyond Gaussian

For multiplicative or structured noise o = f(z) + A(z)n, MAGI replaces orthogonal decomposition
with generalized kernel spaces ker(AT (x)).
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