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Abstract. Two recent papers, arriving from entirely different empirical domains, inde-
pendently converge on a shared structural principle: stable physical organization is
carried by hidden dynamical manifolds, and observable outputs are secondary projec-
tions of that deeper constraint geometry. The Field-Space Autoencoder demonstrates
this computationally, in climate emulation: geometry-aware, hierarchically explicit,
constraint-preserving compression dramatically outperforms flat representational ap-
proaches. A contemporaneous study of spin–valley collective modes in twisted WSe2

moiré superlattices demonstrates it physically: the physically meaningful excitations
of the system propagate through charge-decoupled hidden modes that are invisible
to standard local observables and require direct space-time imaging to detect. This
essay examines both convergences in relation to the RSVP (Relativistic Scalar-Vector
Plenum), CLIO (Constraint-Leveraged Inference and Optimization), and TARTAN

(Trajectory-Aware Recursive Tiling with Annotated Noise) frameworks — not as di-
rect empirical confirmation, but as evidence of a broader structural pressure forcing
multiple independent research lines toward a geometry-first, admissibility-preserving
ontology. We develop the formal correspondences, generalize their consequences, and
identify the conceptual gap that separates operationally sophisticated systems from a
fully field-theoretic account of constraint-geometry propagation.
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1. Introduction: The Structural Pressure

There is a recurring pattern in the history of scientific computation. A field develops a
representational convention that works well within a particular parameter regime, and
then encounters systematic failure as the physical systems it models become increasingly
demanding of geometric fidelity. The failure is not usually attributable to insufficient
data or insufficient parameter count. It is attributable to a mismatch between the
topology of the representation and the topology of the underlying process. When
that mismatch becomes severe enough, the field eventually reorganizes around a new
representational ontology — one that takes the geometry of the process as primary
rather than emergent.

1.1. Representation Failure as Topological Mismatch

The distinction between numerical error and structural failure is critical. When a climate
model accumulates bias near the poles, or when a quantum simulation loses long-
range coherence, the conventional response is to increase resolution, add parameters, or
improve the loss function. These interventions address the symptom. The underlying
cause is that the representational substrate — the grid, the token sequence, the flat
latent space — is topologically incompatible with the process it is meant to model. A
representational container whose geometry differs from the physical geometry does not
merely introduce approximation error; it introduces a systematic bias toward trajectories
that are admissible in the representation but inadmissible in the physics. No increase in
parameter count resolves a topological mismatch. Only a change of representational
ontology can.

This distinction — between insufficient scale and structural incompatibility — is the
conceptual pivot of the entire essay. The two empirical papers examined here matter not
because they involve large models or impressive benchmarks, but because they both,
independently and from very different directions, arrive at architectures and measure-
ment strategies whose design logic is driven by the recognition that the representational
topology must be compatible with the physical topology. That recognition, when forced
by engineering or experimental necessity, is what we call a structural pressure.

A further structural feature unifies both empirical systems: both involve long-
horizon dynamics where local correctness is insufficient for global admissibility. A
climate model that is accurate at each time step can still produce a trajectory that is
globally inadmissible — that drifts to climatologically impossible states — because local
step-by-step reconstruction does not enforce global constraint coherence. A measure-
ment strategy that accurately records local charge density at each point in space can
still be entirely blind to the collective mode structure, because the relevant physics is
carried by globally organized hidden fields rather than local observables. Whenever
admissibility is globally path-dependent, short-horizon optimization fails. This is the
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deep unifying constraint across climate systems, quantum collective modes, cognition,
and semantic memory.

Climate modelling is currently undergoing exactly this transition. The dominant
approach for decades has been to discretize atmospheric and oceanic dynamics onto
regular grids, apply convolutional or spectral operators to those grids, and treat the
resulting array of values as a compressed description of the physical state. This approach
has been productive, but it has a structural defect: the sphere is not the plane, and forcing
spherical dynamics into Euclidean representational containers introduces systematic
distortions that accumulate across temporal integration and spatial downscaling. The
distortions are not merely numerical. They reflect a genuine topological incompatibility
between the representational substrate and the physical substrate.

The Field-Space Autoencoder (FSA) paper, which we treat throughout as our primary
empirical reference, is a response to exactly this failure mode. Its core architectural
innovation is to process climate fields natively on their natural geometric domains rather
than on flattened approximations, to decompose dynamics into an explicit multi-scale
hierarchy rather than leaving scale structure to be inferred by the network, and to treat
cross-scale operators as structure-preserving morphisms rather than as unconstrained
learned transforms. These are not merely engineering refinements. They reflect a
recognizable shift in representational ontology: from storage-first to geometry-first,
from flat coding to constraint-preserving projection.

The RSVP (Relativistic Scalar-Vector Plenum), CLIO (Constraint-Leveraged Inference
and Optimization), and TARTAN (Trajectory-Aware Recursive Tiling with Annotated
Noise) frameworks have been developed from a different direction — theoretical rather
than empirical, field-theoretic rather than engineering-motivated — but they have been
organized around precisely the same structural commitments. The convergence is
therefore worth examining carefully. It suggests that these principles are not artifacts
of any particular theoretical programme but rather structural necessities that emerge
independently wherever the representational demand for geometric fidelity becomes
severe enough.

1.2. Convergent Rediscovery Rather Than Derivation

The epistemic framing of this essay requires explicit statement, because the risk of
misreading is real. The correspondence between the empirical architectures examined
here and the RSVP/CLIO/TARTAN framework is not a claim of priority, derivation,
or retrospective validation. Neither the FSA paper nor the moiré spectroscopy group
arrived at their results by consulting these frameworks. They arrived there under
independent empirical pressure from the physical systems they were studying. The
theoretical frameworks were developed independently, under different pressures, from
a different direction.

What the convergence demonstrates is that the structural commitments in question
are being driven by something real in the domain rather than by the preferences of any
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particular research group. When engineers building climate emulators and physicists
imaging quantum collective modes arrive at overlapping structural principles without
consulting each other or any shared theoretical source, that overlap is evidence of a
structural necessity. The theoretical frameworks provide a vocabulary for stating that
necessity precisely; they do not constitute its source.

This essay proceeds through five stages. In the first, we examine the FSA archi-
tecture on its own terms and identify the specific ways in which it departs from flat
representational conventions. In the second, we develop the formal correspondence
between the FSA and the RSVP/CLIO frameworks, arguing that the architecture is an
engineering instance of admissibility-preserving projection. In the third, we generalize
the consequences through TARTAN, showing that the FSA approach implements several
TARTAN principles in a concrete domain. In the fourth, we examine the spin–valley
moiré paper and argue that it provides a physical analogue of the same structural
principles: hidden collective modes propagating through constraint manifolds that are
invisible to standard local observables. In the fifth, we draw the unified thesis from both
papers, identify the conceptual gap that separates operationally powerful systems from
a fully field-theoretic account, and develop the sheaf and cohomological formalization
of that gap.

2. The Field-Space Autoencoder: Architecture and Failure Modes Addressed

2.1. The Standard Architecture and Its Defects

The dominant representational pipeline in data-driven climate modelling follows a
by-now familiar pattern: map the physical field to a fixed discretization, apply learned
operators to that discretization, and decode the result back to a physical prediction.
The appeal of this pipeline is its generality. Convolutional networks, transformers, and
their hybrids can all be applied within it without modification, and the engineering
infrastructure that has been developed for flat image processing transfers without
fundamental change.

The defects are structural. A climate field is defined on the sphere S2, and the natural
symmetries of that domain — rotational invariance, the absence of a canonical pole, the
curvature of geodesics — do not survive the transition to a regular latitude-longitude
grid. Near the poles, grid cells shrink in area while remaining equal in index space,
distorting both the statistics of the representation and the effective receptive fields of
convolutional operators. Interpolation to a flat grid introduces artifacts that compound
across temporal integration steps. Most significantly, the representational geometry
diverges from the physical geometry: the allowed transformations in index space are
not the allowed transformations in field space.

The FSA paper identifies this as the central failure and organizes its architecture
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around avoiding it. Rather than projecting the physical field onto a flat representational
substrate, it operates natively on the HEALPix grid [15] — an equal-area spherical
discretization that avoids polar distortion by treating all spatial locations uniformly. The
architectural consequence is that the network never operates on a representational object
whose topology contradicts the topology of the process it is trying to model. At 64×
compression, the Field-Space models achieve reconstruction errors (RMSE ≈ 0.28 ◦C)
lower than the HEALPix convolution baseline achieves at only 16× compression (RMSE
≈ 0.31 ◦C), representing a fourfold increase in compression efficiency at equivalent
accuracy. The baseline degrades sharply at extreme compression ratios (256×, 1024×)
where the Field-Space models remain viable.

2.2. Why Flat Latent Spaces Fail

It is worth distinguishing three distinct fidelity criteria that are frequently conflated in
representation learning: reconstruction fidelity, dynamical fidelity, and admissibility fidelity.
A model with high reconstruction fidelity produces outputs that closely resemble the
training data in pixel-level or token-level statistics. A model with high dynamical
fidelity produces outputs whose temporal evolution is statistically consistent with the
underlying physical dynamics. A model with high admissibility fidelity produces only
outputs that are structurally consistent with the constraint geometry of the domain —
outputs that lie on or near the manifold of physically realizable states, not merely near
the manifold of statistically frequent ones.

Standard flat latent space architectures optimize for reconstruction fidelity and, to a
lesser extent, dynamical fidelity. They do not optimize for admissibility fidelity, and they
provide no mechanism for enforcing it. The result is that their outputs can be locally
accurate — close to the training distribution in the sense of standard loss metrics —
while being globally inadmissible: on trajectories that no physical system could actually
follow. The failure mode is not large error but wrong error: the model produces states
that look plausible in isolation but are collectively inconsistent with the admissibility
structure of the domain.

The FSA architecture’s geometric commitments move it toward admissibility fidelity
without explicitly naming it as such. By operating on the native geometric domain and
enforcing explicit cross-scale compatibility, the architecture makes it structurally harder
to produce globally inadmissible outputs. The latent space organization that results
is evidence that this structural hardening is working: the compressed representations
organize themselves according to the dynamical geometry of the physical system, not
merely according to reconstruction efficiency.

2.3. Multi-Scale Residual Decomposition

The second major architectural innovation is the explicit multi-scale decomposition
strategy. Rather than asking a single network to learn all spatial scales simultaneously
from raw data, the FSA architecture decomposes the field into a hierarchy of scale-specific
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representations:

X = X0 ⊕
n⊕

k=1

Rk,

where X0 is a coarse global structure and each Rk is a residual correction at progressively
finer spatial resolution.

This decomposition is not merely a computational convenience. It encodes a specific
ontological commitment: large-scale structure is primary, and fine-scale structure exists
conditionally upon it. The coarse manifold X0 acts as an admissibility regulator for
the residual layers. A fine-scale refinement Rk is constrained to be compatible with the
coarser structures at all lower resolutions, not merely with the immediately preceding
layer. This creates a cascade of compatibility constraints that strongly limits the space of
admissible high-resolution reconstructions.

The architectural specification of the cross-scale operators makes this explicit. The
compression operator takes fields at multiple resolutions as input and produces repre-
sentations at an intermediate resolution:

Fk→j : {r(k), r(k+1), . . .} → {r(j)}.

The decompression operator inverts this, reconstructing finer resolutions from coarser
inputs:

F−1
j→k : {r(j), r(j−1), . . .} → {r(k)}.

The explicit specification of these operators as functions of multiple scale strata, rather
than as point-to-point mappings between adjacent scales, is a strong architectural
commitment to the idea that compatibility is a global rather than local constraint.

2.4. Latent Space Organization

The most philosophically significant result in the FSA paper is the spontaneous orga-
nization of the latent space. The authors analyse the compressed representations of 84
years of daily ERA5 near-surface air temperature data (1940–2024) using t-SNE dimen-
sionality reduction. The two Field-Space Autoencoder variants — convolutional and
transformer-based — produce latent spaces that are, without any explicit temporal or
climatological supervision, organized into cyclic seasonal trajectories when coloured by
month, and a smooth directional drift from earlier to more recent states when coloured
by year. Both architectures were trained exclusively on residual fields, deliberately ex-
cluding the coarse base component that contains most of the seasonal and warming
signal. The organized latent structure therefore cannot be attributed to exposure to
large-scale climatological information during training; it emerges from the architecture’s
representational commitments alone.

In sharp contrast, the HEALPix convolution baseline — trained on the full raw fields
including the seasonal cycle and warming trend — produces a latent space with no
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comparably coherent structure in the t-SNE projection. The Field-Space architecture,
operating only on fine-scale residuals, recovers the dynamical geometry of the full
climate system. The baseline, operating on the full field, loses it. This reversal is the
empirical result that most directly confirms the essay’s central argument: surface fidelity
and dynamical fidelity are orthogonal properties of a representation, and optimizing for
one can actively impede the other.

2.5. Compression as Constraint Transport

The FSA field-space operators do something subtler than dimensionality reduction. They
transport the compatibility structure of the field across scale boundaries. Each operator
Fk→j takes as input the field representations at multiple resolution strata and produces
an output that is simultaneously consistent with all of them. This is not compression in
the information-theoretic sense of finding a shorter description of the same content. It is
compression in the constraint-geometric sense of finding a representation that respects
the admissibility conditions imposed by the coarser scales.

The distinction matters because it determines what generalizes. A system that
compresses by removing information discards the fine-scale structure and cannot recover
it without additional data. A system that compresses by transporting compatibility
structure retains the conditions under which fine-scale structure is admissible, and
can therefore reconstruct compatible fine-scale structure for any input that satisfies
those conditions — including inputs at resolutions never seen during training. Zero-
shot super-resolution is the empirical signature of constraint transport rather than
information reduction.

2.6. Zero-Shot Super-Resolution

The FSA paper demonstrates a capability with direct theoretical significance. The
transformer-based model, trained at a fixed 64× compression ratio on ERA5 data at
HEALPix level 8 (approximately 30 km resolution), can produce outputs at HEALPix
levels 7 and 6 — corresponding to 4× and 16× super-resolution — by setting finer resid-
ual levels to zero at inference time. The model has never seen the pairing of level-6 input
with level-8 output during training. The transformer exhibits only a small decrease in
skill at these novel resolution configurations and no spatial artifacts. The convolutional
variant, by contrast, degrades rapidly and produces prominent HEALPix grid artifacts
at level-6 input, suggesting it overfit to the specific residual resolutions seen during
training rather than learning transferable compatibility conditions.

The paper also applies the pretrained transformer to MPI-ESM1.2-HR historical
simulations natively produced at approximately 100 km resolution — a domain the
model was never trained on. After encoding at HEALPix level 6 and decoding to level
8, the model synthesizes high-frequency spatial structures entirely absent from the
source simulations, as confirmed by spectral analysis showing maintained power at
high multipoles where the climate model falls off. This is sparse reconstruction from
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constraint geometry operating across both resolution and model boundaries. The model
has not memorized fine-scale ERA5 patterns; it has learned the admissibility conditions
relating coarse and fine scales, and those conditions transfer.

2.7. Feature Learning Versus Constraint Learning

Most representation-learning systems are implicitly optimised to learn features: statistical
regularities present on the observable surface of the training distribution. A feature
is a pattern that recurs across training examples; feature learning is the process of
identifying and encoding those patterns in a form that supports downstream prediction.
The FSA results suggest a fundamentally different interpretation of what successful
generalisation requires.

The architecture does not succeed because it has memorised high-frequency climate
features. It succeeds because it has learned the compatibility relations that govern which
fine-scale structures are admissible given coarse-scale conditions. These compatibility
relations are not surface patterns; they are structural constraints that hold across do-
mains, resolutions, and model boundaries because they are properties of the physical
system rather than of the training corpus.

The distinction matters because feature-learning systems and constraint-learning
systems fail differently. A feature-learning system fails whenever the statistical surface
of the input diverges from the training distribution: when the domain shifts, the features
no longer match, and generalization collapses. A constraint-learning system fails only
when the underlying admissibility structure itself changes — a much more severe
condition that corresponds to genuine physical change rather than mere distributional
shift. The former is distributionally fragile; the latter is structurally robust.

The convolutional baseline’s behaviour at zero-shot resolution makes this contrast
sharp. It overfits to the specific HEALPix residual resolutions present during training
and produces artifacts when these change, because it has learned features of the training
residual distribution. The transformer exhibits no such artifacts because it has learned
the compatibility conditions that relate scale strata, and those conditions do not depend
on which specific strata were used during training. This asymmetry is the operational
signature of constraint learning. It also provides a cleaner conceptual target for the
scaling critique developed later: the question is not how many features a system has
memorised but whether it has learned the constraint structure of the domain.

3. The RSVP Framework: Fields, Admissibility, and Trajectory Geometry

3.1. Foundational Ontology

The Relativistic Scalar-Vector Plenum framework takes as its fundamental ontological
commitment the idea that the relevant objects of a physical theory are not states but
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fields over possibility spaces. A state is a momentary cross-section of a field; a trajectory is
a sequence of such cross-sections satisfying admissibility constraints; and the accessible
future is the set of trajectories that are reachable given the current field configuration
and accumulated history.

Formally, the RSVP state is a triple

Xt = (ϕt, vt, St),

where ϕt is the scalar plenum density governing long-range coherence, vt is the vector
flow field governing directional transport, and St is the local entropy density governing
the volume of admissible refinements. The dynamics of each component are coupled:

∂t ϕ = Dϕ∇2ϕ −∇ · (ϕv) + Rϕ − λϕS, (1)

∂tv = −(v · ∇)v + ν∇2v −∇ϕ + T (v), (2)

∂tS = DS∇2S + σ(ϕ, v)− γS. (3)

The coupling term λϕS in equation (1) is significant: local entropy density suppresses
scalar coherence. Regions of high entropy are regions where many trajectories remain
admissible, and coherent structure is correspondingly weaker. The scalar field ϕ should
therefore be understood not merely as a density field but as a coherence regulator.

The transport operator T (v) in equation (2) is equally important. It acts as a ge-
ometric connection on the flow field: it absorbs local topological defects — vortices,
phase slips, singular points in the vector field — that would otherwise break the global
coherence of the flow. In the spin–valley context developed later in this essay, T (v)
plays the role of the gauge-like term that couples the superfluid velocity to the under-
lying moiré superlattice potential, ensuring that the collective flow remains globally
admissible despite local geometric irregularities. This structural symmetry — between
T (v) as defect absorber in RSVP and the phase mode vt ∼ ∇θ as coherence carrier in the
spin–valley superfluid — is one of the most precise formal correspondences between
the theoretical framework and the condensed matter experiment.

3.2. Admissibility and the Accessibility Structure

The central theoretical construct in RSVP is the admissibility function κ(ω, Ht), which
assigns a viability score to each candidate transition ω given the accumulated event
history Ht. The admissible set at time t is

Adm(Xt) =
{

ω ∈ Ωt | κ(ω, Ht) ≥ κ∗
}

,

where κ∗ is the viability threshold below which transitions are physically or structurally
prohibited. The event history Ht = {e0, e1, . . . , et} is append-only: transitions from Ωt
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select events into Ht+1, and this selection is irreversible.

The global model space M = {st | t ∈ R} supports a family of history-conditioned
accessibility slices

At =
{

s ∈ M | s reachable given Ht
}

.

Temporal asymmetry is encoded in the strict monotone shrinkage

Aconsistent
t+1 ( Acounterfactual

t :

the consistent slice of states compatible with Ht+1 is always strictly smaller than the
counterfactual envelope of states that were accessible before the transition at t.

This structure provides a formal account of irreversibility that does not depend
on thermodynamic entropy alone. A transition is irreversible not merely because it
increases entropy but because it eliminates branches from the accessibility structure that
cannot be recovered by any subsequent sequence of admissible transitions.

3.3. Projection, Compression, and Admissibility Preservation

The central epistemological problem in RSVP is what happens when a field-theoretic
system is projected onto a lower-dimensional representational manifold. Let π : Xt → M
denote such a projection, where Xt is the trajectory space and M is the compressed
manifold. The projection is admissibility-preserving if and only if admissible transitions
in Xt map to admissible transitions in M:

ω ∈ Adm(Xt) ⇒ π(ω) ∈ Adm(M).

When this condition fails, the compressed representation supports trajectories that
would be inadmissible in the underlying physical system. The model learns to navigate
the compressed manifold rather than the physical one, and generalization breaks down
precisely at the boundaries where the two manifolds diverge.

This failure mode is not merely a theoretical concern. It is the failure that the
FSA paper is specifically designed to avoid. The insistence on processing fields on
their natural geometric domain, rather than on a flattened approximation, is precisely
an insistence on admissibility preservation: the representational geometry must be
compatible with the physical geometry.

3.4. Entropy as Refinement Volume

It is worth pausing on a potential confusion about the role of entropy in RSVP. The
entropy density St is not thermodynamic disorder in the standard sense, nor is it
Shannon information-theoretic entropy over probability distributions. It is geometric
admissibility volume: the local measure of how many fine-scale refinements are consistent
with the current coarse-scale state and accumulated history.

In a region of low entropy, the coarse-scale field ϕt tightly constrains the admissible
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fine-scale states: the compatibility conditions at that location leave very little room.
Reconstruction of fine-scale detail from coarse inputs is nearly deterministic in such
regions, because almost all admissible refinements are mutually close. In a region of
high entropy, the coarse-scale structure leaves the fine-scale states largely unconstrained:
many very different fine-scale configurations are admissible, and reconstruction becomes
an act of selection among a large admissible set rather than a nearly unique recovery.

This reinterpretation has a precise implication for the FSA architecture. The regions
where the climate model has low reconstruction uncertainty — where its predictions
are most reliable and consistent — correspond to low-entropy regions in the RSVP

sense: regions where the global constraint structure tightly regulates the admissible
fine-scale states. The regions where the model has high uncertainty correspond to
high-entropy regions: where the constraint structure leaves many equally admissible
fine-scale configurations. The architecture’s zero-shot super-resolution capability is
strongest precisely in the low-entropy regime, where constraint transport alone is
sufficient to determine the admissible refinements.

3.5. Scale Hierarchy as Constraint Cascade

The RSVP framework treats scale decomposition as a constraint cascade rather than a
feature hierarchy. At the coarsest scale, the scalar field ϕ encodes global accessibility
structure: the long-range coherence that determines which large-scale trajectories are
admissible. At progressively finer scales, the vector field v and entropy density S encode
local perturbative refinements of that structure. A region of low entropy (S small)
is a region where coarse structure tightly constrains fine structure: few refinements
are admissible, and the compression is nearly lossless. A region of high entropy (S
large) is a region where coarse structure leaves fine structure relatively unconstrained:
many refinements are admissible, and the compression is inherently lossy. This is not a
limitation to be overcome; it is a structural feature of the physical system.

3.6. Constraint Geometry Is Not Reducible to Optimization

Many contemporary theoretical frameworks describe physical and cognitive systems
as optimization processes: free-energy minimisation, variational inference, least-action
trajectories, or energy-landscape descent. The RSVP framework is compatible with such
descriptions but is not reducible to them, and the distinction is important for reading
the empirical results correctly.

Optimization presupposes a space over which optimization occurs. Constraint
geometry specifies the topology of that space itself: which trajectories exist, which
transitions are admissible, which refinements remain globally consistent, and which
regions of state space are structurally inaccessible regardless of energetic cost. The
admissibility function κ(ω, Ht) is logically prior to any objective functional; it defines
the feasibility region over which objectives are then minimised.
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A system may therefore occupy a locally low-energy configuration while remaining
globally inadmissible. Conversely, a trajectory may be energetically expensive while
remaining the unique admissible option given the accumulated history. Constraint
geometry regulates the structure within which optimization takes place; it cannot itself
be reduced to a particular optimization objective without circularity.

This distinction becomes operationally visible wherever systems exhibit long-horizon
coherence that cannot be explained through local optimization alone. The FSA latent
organization, the spin–valley Goldstone propagation, and the trajectory-conditioning
principles of CLIO all depend on global compatibility conditions that exceed local
energetic minimisation. The convergence of these systems toward geometry-aware
design is not driven by finding a better objective function; it is driven by the recognition
that the geometry of the feasibility space matters independently of any objective defined
over it.

3.7. Degenerate Observables and Projection Equivalence

A projection observable O : X → Y is degenerate whenever dynamically distinct states in
X map to the same observable state in Y:

x1 6= x2, O(x1) = O(x2).

In such cases, observational equivalence does not imply dynamical equivalence. Systems
that appear identical on the observable surface may possess fundamentally different
admissibility structures and evolve differently under perturbation.

Degeneracy is not a correctable measurement error; it is a structural property of the
projection. When the observable O eliminates an entire subspace Xhid of dynamically sig-
nificant degrees of freedom, no improvement in the precision of O-based measurements
can recover the lost structure. Recovery requires a fundamentally different observational
basis — one that is not degenerate with respect to Xhid.

The spin–valley experiment demonstrates this directly. Charge observables collapse
dynamically distinct collective configurations into nearly indistinguishable observable
states; the hidden spin–valley modes are not merely poorly measured but structurally
eliminated by charge projection. The resolution requires space-time imaging of the
spin–valley fluctuations directly, not a more precise charge measurement.

The same phenomenon appears in machine learning latent spaces. Two models
may achieve nearly identical endpoint accuracy while possessing radically different
latent trajectory organization and radically different generalization behaviour. Observ-
able equivalence at the metric level does not imply equivalence of learned constraint
structure. Benchmark evaluations that rely exclusively on endpoint metrics are there-
fore degenerate observables of the underlying representational system: they collapse
structurally distinct models into the same observable class.
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4. The CLIO Framework: Constraint-Leveraged Inference

4.1. The Inference Principle

The CLIO (Constraint-Leveraged Inference and Optimization) framework extends the
ontological commitments of RSVP into a computational account of how admissibility-
preserving projection systems perform inference. The central claim is that effective
inference does not operate by exhaustively searching the space of possible outputs and
selecting the most probable. It operates by first identifying the constraint structure of
the target domain and then projecting from that constraint structure onto the space of
admissible outputs.

Formally, the CLIO inference pipeline is

ω
Π−→ p R

 ˆ̀ V−→ ω′,

where ω ∈ Svalid is a constraint-valid structure, Π is the projection functor mapping it
to a linguistic or computational representation p, R is a stochastic rendering operator
producing an output ˆ̀, and V is a verification map returning either a validated structure
ω′ or failure ⊥.

The rendering operator R is stochastic rather than deterministic because the pro-
jection Π is in general many-to-one: multiple constraint structures may project to the
same representational point, and multiple admissible outputs may be consistent with
a single constraint structure. The role of V is to check whether the rendered output
lands within the admissible region rather than on the boundary of the representational
manifold where the projection has become unreliable.

4.2. Sparse Reconstruction and Latent Geometry

The most distinctive CLIO prediction is that effective inference systems should exhibit
sparse reconstruction: the ability to produce detailed, coherent outputs from compressed
constraint representations, without exhaustive memorization of the fine-scale detail.
This prediction follows directly from the RSVP account of entropy: in low-entropy
regions where constraint structure is tight, detailed reconstruction follows from the
constraints alone, without additional information. The constraint structure is sufficient.

This is a strong claim, and one that the FSA paper corroborates in a specific domain.
The zero-shot super-resolution capability of the FSA is precisely sparse reconstruction:
the model produces fine-scale detail that it has never directly observed by applying
learned constraint compatibility relations. The coarse state is sufficient to determine
the admissible fine-scale refinements; the model need not memorize those refinements
explicitly.

Proposition 4.1. Let π : X → M be an admissibility-preserving projection, and let x ∈ X
be a state with S(x) < ε for some small ε > 0. Then the pre-image π−1(π(x)) has volume
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bounded by a function of ε that tends to zero as ε → 0. In the limit of zero entropy, the coarse
representation determines the fine-scale state uniquely.

The proposition formalizes the intuition that low-entropy regions are regions of tight
constraint. The FSA zero-shot super-resolution result is an empirical demonstration
that the trained architecture has learned to identify these regions and exploit the tight
constraints they impose.

4.3. Latent Manifold as Trajectory Space

The spontaneous organization of the FSA latent space into cyclic seasonal trajectories
and historical warming drift is, from a CLIO perspective, a confirmation that the ar-
chitecture has succeeded in preserving trajectory geometry during compression. The
latent manifold is not a cloud of independently learned feature vectors; it is a geometric
representation of the dynamical system’s phase space, complete with the qualitative
structure — the cycles, the drift, the topological organization — that characterizes the
underlying physics.

This is what CLIO means by admissibility-preserving compression: the compressed
representation preserves not merely the instantaneous state but the geometry of the
space of admissible transitions between states. A model that has learned this geometry
can generalize to novel states and novel time horizons in a way that a model organized
around reconstruction efficiency cannot.

Definition 4.2 (Trajectory-Preserving Compression). A compression π : X → M is
trajectory-preserving if, for every admissible trajectory γ : [0, T] → X in the original space,
the projected trajectory π ◦ γ : [0, T] → M is admissible in the compressed space, and
the mapping γ 7→ π ◦ γ is a homeomorphism from the space of admissible trajectories
in X to the space of admissible trajectories in M.

Trajectory-preserving compression is stronger than the basic admissibility-preserving
projection condition. The latter requires only that individual admissible transitions
survive compression; the former requires that the global structure of the trajectory space
be preserved. The FSA latent space organisation suggests the architecture achieves
something close to the stronger condition, at least within the training distribution
regime.

4.4. The Inference Failure of Markov Systems

The CLIO framework provides a precise diagnosis of why standard autoregressive
systems fail at long-horizon coherence. A standard next-step predictor operates without
explicit constraint structure:

P(xn+1 | xn), Ht = ∅, Pt = ∅, V = ∅.

16



Constraint Geometry Across Scales Flyxion

Without history coupling, provenance continuity, or verification, the output distribution
at each step samples from the prior manifold of the training distribution rather than
from the admissible future of the current trajectory. Short-horizon predictions may
be locally accurate, but errors accumulate because the system has no mechanism for
maintaining global constraint coherence.

The FSA architecture avoids this failure by operating on temporally structured com-
pressed states rather than isolated frames. The coarse manifold provides the global
constraint that prevents the system from drifting to locally plausible but globally inad-
missible states. This is a structural advantage over autoregressive approaches, and it
reflects a CLIO inference principle rather than merely an engineering choice.

5. Formal Correspondence: FSA as RSVP/CLIO Instance

5.1. The Mapping

Having developed both the FSA architecture and the RSVP/CLIO frameworks, we can
now state the formal correspondence systematically. The mapping is not exact — the
FSA is an engineering system developed without reference to the theoretical frameworks,
and it lacks several of their structural features — but it is close enough to be theoretically
significant.

The coarse climate manifold X0 corresponds to the low-frequency component of
the RSVP scalar field ϕ: the global accessibility structure that constrains all admissible
fine-scale refinements. The residual layers Rk correspond to the perturbative refinement
structure of v and S: localized corrections that are constrained by the coarser levels. The
field-space operators Fk→j correspond to constraint-preserving projection morphisms in
the CLIO pipeline. The compressed latent manifold corresponds to the entropy-weighted
accessibility geometry:

Slat = log
∣∣A(X)

∣∣,
where |A(X)| denotes the volume of the accessibility slice.

More precisely:
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Field-Space Autoencoder RSVP / CLIO

Coarse climate manifold X0 Low-frequency accessibility field ϕ

Residual scale Rk Perturbative refinement of v, S

Cross-scale operator Fk→j Approximation of projection
functor Π and verification V

Latent manifold geometry Entropy-weighted accessibility slice

Zero-shot super-resolution Sparse reconstruction from
constraint

Seasonal cycle in latent space Admissible trajectory curvature

Historical warming drift Irreversible shrinkage Acon
t+1 ( Actf

t

Sphere-preserving processing Admissibility-preserving projection

5.2. Operational Versus Structural Preservation

The significance of the correspondence in the table above lies not in identity of formalism
but in convergence of architectural pressure. The FSA was not designed to instantiate
admissibility geometry explicitly; rather, admissibility-preserving structure emerged as
a practical requirement for stable multi-scale representation on physically constrained
domains. The table should therefore be read as mapping the engineering solutions that
pressure forced onto the theoretical concepts that the RSVP/CLIO framework formalizes
— not as evidence that the engineers were implementing the framework.

This distinction is the key to reading the correspondence correctly. An architecture
that operationally preserves admissibility is one whose outputs satisfy physical admissi-
bility conditions because the training data is organized around such conditions. The
preservation is a consequence of the training distribution, not a designed feature. An
architecture that structurally preserves admissibility is one that explicitly encodes the
admissibility conditions and enforces them regardless of distributional proximity to
the training data. The FSA achieves operational preservation; the RSVP/CLIO/TARTAN

framework specifies what structural preservation would require.

The practical consequence of this distinction becomes visible at distribution bound-
aries. An operationally admissibility-preserving system generalizes within the training
distribution and begins to degrade at its edges. A structurally admissibility-preserving
system generalizes to any input satisfying the same formal admissibility conditions as
the training data, regardless of its distributional proximity. When an operational system
encounters an out-of-distribution perturbation severe enough to push it off the training
manifold, it does not merely degrade gracefully; it undergoes topological delamination
— the compressed representational trajectory separates from the physical admissibility
manifold entirely, because the system has no closed-loop mechanism for detecting when
it has left the admissible region. Structural preservation would require precisely such a
mechanism: a cohomological constraint checker capable of computing the obstruction
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class [δσ] and flagging non-trivial values before they propagate through the model.

5.3. The Projection Failure Theorem

The FSA paper’s diagnosis of why flat convolutional architectures fail on spherical
domains corresponds to a general theorem about projection failures in RSVP.

Theorem 5.1 (Projection Failure). Let π : S2 → R2 be any continuous surjection from the
sphere to the plane. Then π cannot be admissibility-preserving for any physical field dynamics
defined by rotational symmetry on S2.

Sketch. The failure is both topological and metric. Topologically, S2 is compact and
boundaryless, while R2 is non-compact; by invariance of domain, no continuous sur-
jection π : S2 → R2 can be a homeomorphism, so π must either collapse distinct
points or destroy the boundary-free structure of S2. Metrically, there exists no isometry
between S2 (constant positive curvature) and R2 (zero curvature), and no conformal
equivalence either, since a conformal map would require the Riemann sphere Ĉ ∼= S2 to
be conformally equivalent to C, which it is not (they have different conformal types).
Consequently, any π introduces unavoidable metric distortion. The pushforward of
the invariant vector fields generating SO(3) rotations on S2 cannot map to a closed,
smoothly invariant symmetry group under the Euclidean transformation metric without
introducing coordinate singularities or metric divergence at at least one point. Since
rotationally symmetric dynamics on S2 are defined by these invariant vector fields, and
their pushforward is metrically ill-behaved in R2, any physically admissible transition
along a great circle geodesic maps to a transition that is generally inadmissible under
the Euclidean symmetry group. Admissibility cannot be preserved.

This theorem is not a new result in differential geometry, but its interpretation in the
RSVP framework gives it a new significance: flat projection failure is not a numerical
artifact to be managed by preprocessing but a structural incompatibility between the
representational and physical geometries. The FSA paper’s insistence on processing on
the native geometric domain is therefore not an engineering preference but a structural
necessity.

5.4. Latent Organization as Fixed-Point Signature

The spontaneous organization of the FSA latent space is, in RSVP terms, the signature of
a fixed-point structure in the compressed accessibility geometry. A compression π that
preserves trajectory geometry produces a latent manifold that is dynamically equivalent
to the original state space: the attractors, cycles, and drift directions of the original
dynamics appear as attractors, cycles, and drift directions in the latent space.

The RSVP fixed-point formalism (developed in the KES extension) treats this as a
stability condition:

S∗ = G(S∗), ρ(DGS∗) < 1,
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where G is the recursive evolution operator and ρ denotes spectral radius. A compression
is trajectory-preserving in the sense of Definition 4.3 if and only if the compressed
dynamics have a fixed-point structure that is topologically equivalent to the original.
The FSA latent space organization is empirical evidence that the training process has
found such a compression.

5.5. Where the Correspondence Breaks Down

It is important to be precise about the limits of this correspondence. The FSA archi-
tecture achieves trajectory-preserving compression operationally, in the sense that its
compressed representations exhibit the qualitative geometric properties expected of
trajectory-preserving systems. But it does not enforce these properties explicitly. The
correspondence is a consequence of the architecture’s geometric commitments, not a
designed feature.

More significantly, the FSA lacks an explicit account of admissibility. It learns which
transitions are physically plausible from data, but it has no formal structure for distin-
guishing between transitions that are inadmissible due to physical law and transitions
that are merely improbable due to the training distribution. In RSVP terms, the ar-
chitecture conflates Adm(Xt) with the high-probability region of P(xt+1 | xt). For
in-distribution inputs, these sets may be nearly identical. For out-of-distribution inputs,
they can diverge substantially, and the architecture provides no mechanism for detecting
or correcting this divergence.

This is the primary theoretical gap that the RSVP/CLIO framework addresses but the
FSA does not.

6. The TARTAN Framework: Architectural Generalization

6.1. From Instance to Architecture

The RSVP/CLIO account of the FSA explains why the architecture works as well as it
does and identifies the structural features that account for its success. The TARTAN

(Trajectory-Aware Recursive Tiling with Annotated Noise) framework generalizes these
features into a principled design vocabulary for admissibility-preserving architectures
across domains.

TARTAN takes the following as foundational design principles. Hierarchical structure
must be explicit: the architecture must specify the scale decomposition rather than
leaving it to be inferred. Residuals must be semantically annotated: each residual
correction must carry information about its admissibility conditions, not merely its
magnitude. Coarse-to-fine reconstruction must be constraint-regulated: fine-scale detail
must be generated as what is admissible given coarse structure, not as what is most
probable given the training distribution. And trajectory conditioning must be global:
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the architecture must maintain consistency with the full accessible history, not merely
with the immediately preceding state.

6.2. Tiling and Residual Annotation

The TARTAN framework’s central architectural commitment is to recursive tiling with
annotated noise. A coarse field X0 tiles the domain into regions of approximately
homogeneous admissibility structure. Each tile is then recursively subdivided, and
each subdivision is assigned a residual correction Rk that carries semantic annotation:
information about what class of physical process the residual represents and what
admissibility constraints govern it.

Formally, the tile decomposition is

Dk : Ωt →
{
(U(k)

i , R(k)
i )

}
i,

where U(k)
i is the i-th tile at scale k and R(k)

i is its annotated residual. The annotation
carries both the semantic label of the residual (which physical process it represents) and
the admissibility condition it must satisfy given the coarser tiles.

The FSA architecture implements an unannotated version of this structure. Its multi-
scale residual decomposition tiles the domain into scale strata and assigns cross-scale
operators to the boundaries between strata. The absence of explicit semantic annotation
is one of the primary differences between the FSA implementation and the full TARTAN

design.

6.3. Trajectory Conditioning and the Annotation Function

The trajectory-conditioning component of TARTAN is the feature that most directly
addresses the gap identified in the previous section. Rather than conditioning each
residual correction only on the current coarse state, TARTAN conditions each residual on
the full admissible history:

R(k)
i (x, t) = f

(
X0(t), Ht, Ψt, κ(·, Ht)

)
,

where Ψt is the constraint field and κ(·, Ht) is the admissibility function. This ensures
that fine-scale reconstructions are not merely locally consistent with the coarse state but
globally consistent with the entire accessible history.

The FSA implements a version of temporal conditioning through its diffusion architec-
ture, which operates over temporally structured compressed states. This is structurally
similar to TARTAN trajectory conditioning, but without the explicit admissibility con-
straint. The FSA conditions on the recent past; TARTAN conditions on the admissible
past, which is a strictly stronger condition.
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6.4. Comparison with the Field-Space Operators

The FSA field-space operators Fk→j are the architectural component that most closely re-
sembles the TARTAN residual annotation machinery. In both cases, cross-scale operators
take multiple scale strata as input, ensuring that cross-scale compatibility is a multi-way
rather than pairwise constraint. In both cases, the operators are learned rather than
specified, but the architectural context constrains their function.

The primary difference is that the FSA operators are learned from reconstruction ob-
jectives, while the TARTAN annotation function is trained to satisfy explicit admissibility
criteria. The FSA operators will converge to whatever cross-scale compatibility structure
minimizes reconstruction loss on the training distribution. The TARTAN annotation func-
tion is explicitly constrained to respect the admissibility conditions derived from the
physical or structural domain. In practice, on in-distribution data, these may converge
to similar solutions. On out-of-distribution data, they will diverge in ways that reflect
the presence or absence of explicit admissibility enforcement.

6.5. Why Constraint Hierarchies Generalize

The zero-shot super-resolution capability of the FSA is an instance of a more general
principle: constraint hierarchies generalize across resolution and domain in ways that
direct input-output mappings do not. The reason is structural. A direct mapping from
coarse input to fine output encodes the statistical regularities of the training distribution
at the specific resolution pair presented during training. It has no mechanism for
extrapolating to resolution pairs it has not seen. A constraint hierarchy, by contrast,
encodes the compatibility conditions between scale strata: what fine-scale structures
are admissible given what coarse-scale states, and why. These compatibility conditions
are properties of the physical system, not of the training distribution. They hold at
resolution strata that were never presented during training, because the physics does
not change when the measurement resolution does.

This is the TARTAN generalization of the FSA zero-shot result. Any architecture that
learns constraint compatibility rather than direct input-output mappings should exhibit
zero-shot generalization to novel constraint configurations. The prediction is domain-
independent: it applies equally to protein folding dynamics (where the constraints
are thermodynamic admissibility conditions on backbone geometry), to turbulent flow
(where the constraints are Navier–Stokes admissibility conditions across Reynolds num-
ber regimes), and to semantic coherence in language (where the constraints are logical
and narrative admissibility conditions that hold across surface paraphrase variants). In
each case, the generalizing object is the constraint structure, not the surface form.

6.6. Generalizing Zero-Shot Capability

One of the most practically significant features of the FSA — its zero-shot super-
resolution capability — follows naturally from the TARTAN design principles. The
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capability arises because the architecture has learned the constraint compatibility rela-
tions between scale strata independently of the specific resolution targets used during
training. Given those relations, it can apply them to novel resolution combinations.

The TARTAN framework predicts this capability as a general consequence of design
that preserves admissibility. Any architecture that learns constraint compatibility rather
than direct input-output mappings should exhibit zero-shot generalisation to novel
constraint configurations. This is a testable prediction extending beyond the climate
domain. An architecture trained on constraint-compatible multi-scale representations of
protein folding dynamics, or of turbulent flow, or of language at multiple granularities,
should exhibit analogous zero-shot capability in its respective domain.

7. Sheaf-Theoretic Formalization and the Mathematical Horizon

7.1. From Engineering Constraints to Cohomology

The FSA field-space operators enforce cross-scale compatibility operationally: the ar-
chitecture is designed so that outputs at finer resolutions are consistent with inputs at
coarser resolutions, by construction. This engineering constraint has a precise mathe-
matical expression. Whenever a system must enforce local conditions that are simulta-
neously consistent with all other local conditions across a covered domain, the natural
language for that requirement is sheaf theory.

A sheaf is exactly the data structure that encodes local-to-global compatibility: it
assigns information to each open set in a cover, and requires that the assignments on
overlapping sets agree on their intersection. The FSA cross-scale operators are engi-
neering implementations of sheaf sections: they assign field representations to each
scale stratum, and the multi-strata input requirement ensures that these assignments are
mutually consistent. The shift to sheaf language is therefore not an imported mathemat-
ical metaphor but an explicit formalization of the same compatibility structure already
implemented operationally by the field-space operators. The categorical machinery
makes visible the structure that the engineering is already enforcing.

This also explains why the zero-shot super-resolution capability has a natural coho-
mological interpretation. The capability corresponds to the ability to extend a cocycle
from observed scale strata to unobserved ones. That extension is trivial — uniquely
determined — precisely when the local compatibility conditions at the observed scales
are tight enough to constrain the admissible extensions. The sheaf language turns a
benchmark result into a structural theorem about the cohomological complexity of the
domain.
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7.2. Local-Global Consistency as Sheaf Condition

The compatibility constraints that govern the TARTAN tiling structure — and that the
FSA implements operationally — can be given a precise mathematical formulation in
terms of sheaf theory. A sheaf over the scale hierarchy encodes the requirement that
local admissibility conditions be globally consistent: what is admissible at a fine scale
must be compatible with what is admissible at all coarser scales, and the compatibility
conditions must satisfy a gluing axiom.

Let U = {Ui} be an open cover of the domain M by admissibility regions. The local
accessibility sheaf A assigns to each open set Ui the admissible set of transitions within
that region:

A (Ui) = Adm(Xt) ∩ Ui.

The gluing condition requires that locally admissible transitions be globally consistent:

A (Ui)
∣∣
Ui∩Uj

= A (Uj)
∣∣
Ui∩Uj

.

When this condition fails, the system has a global section obstruction: there is no globally
admissible trajectory consistent with the local admissibility conditions at each scale.

7.3. Obstruction Classes and Irreducible Inconsistency

The obstruction to finding a global section is measured by the first Čech cohomology
class:

[δσ] ∈ Ȟ1(U, A ).

Vanishing cohomology [δσ] = 0 corresponds to a globally consistent history: the local
admissibility conditions are compatible and a global section exists. Non-trivial coho-
mology [δσ] 6= 0 encodes an irreducible inconsistency: the local conditions are mutually
incompatible in a way that cannot be resolved by refining the cover.

In the climate domain, this obstruction structure has a physical interpretation. A
non-trivial cohomology class would correspond to a climate state in which the locally
admissible refinements at different scales are globally inconsistent — a situation that
the physical system cannot actually reach. The FSA architecture avoids such states by
construction, because its field-space operators enforce cross-scale compatibility. But it
does so without explicitly computing or checking the cohomology class.

The RSVP/TARTAN framework provides a principled path toward explicit obstruction
detection: an architecture equipped with a cohomological constraint checker could
identify globally inadmissible states before generating them, rather than relying on the
training distribution to have excluded them.
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7.4. Holonomy and Path Dependence

A deeper sheaf-theoretic feature of the RSVP framework is the holonomy of the constraint
connection. If the constraint field Ψt is treated as a connection on the admissibility
bundle over M, then the holonomy of a closed loop γ in the model space is

Holγ(Ψ) = P exp
(∮

γ
AΨ d`

)
∈ Aut(Ωt),

where AΨ is the connection form associated with Ψ. Non-trivial holonomy implies that
the admissibility structure is path-dependent: the set of admissible transitions depends
not only on the current state but on the history of states through which the system has
passed.

This is the formal expression of the intuition, central to RSVP, that history matters
intrinsically rather than merely instrumentally. The FSA architecture implicitly exhibits
path dependence through its temporal conditioning — the compressed state at time
t depends on the sequence of compressed states that preceded it, not merely on the
last state. But it lacks an explicit account of the holonomy structure that generates this
dependence.

7.5. Refinement Cohomology

The zero-shot super-resolution capability of the FSA suggests a cohomological inter-
pretation of the reconstruction process. The admissibility conditions at different scales
define a cochain complex:

· · · → Ck−1(U, A )
δ−→ Ck(U, A )

δ−→ Ck+1(U, A ) → · · ·

A super-resolution query at a novel resolution k∗ corresponds to extending a cocycle
from the scales {0, 1, . . . , k∗ − 1} to a cocycle that includes k∗. The query is answerable if
and only if the extension is cohomologically trivial: if the admissibility conditions at
scales 0 through k∗ − 1 uniquely determine an admissible refinement at scale k∗.

The FSA zero-shot super-resolution result is empirical evidence that the training pro-
cess has learned a representation in which this extension is approximately trivial within
the training distribution. The TARTAN framework predicts that explicitly enforcing the
cohomological constraint during training would extend the zero-shot capability beyond
the training distribution.

7.6. Constraint Frustration and Obstruction Structure

Non-trivial cohomology corresponds physically to frustrated constraint systems: collec-
tions of locally admissible conditions that cannot be simultaneously satisfied globally.
Spin glasses, geometrically frustrated magnets, and incompatible boundary conditions
in fluid dynamics all exhibit this structure. In each case, every local subsystem has a
well-defined preferred state, but the local preferences are mutually incompatible across
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the full domain.

The significance of the sheaf-theoretic formalism is that it treats such failures not
as numerical instability or optimization failure but as topological obstruction. A non-
vanishing obstruction class [δσ] 6= 0 does not indicate that the optimizer has not
converged or that more training data is required. It indicates that no globally admissible
section exists for the local conditions supplied: the incompatibility is structural and
cannot be resolved by any continuous local adjustment.

This provides a principled distinction between two failure modes that existing ma-
chine learning systems frequently conflate. An optimization failure is recoverable: with
more capacity, more data, or a better objective, the system can approach the globally
consistent solution. A topological obstruction is irrecoverable within the given con-
straint structure: the system must change its admissibility conditions (i.e., the physical
model) rather than its optimization. Architectures lacking an explicit obstruction for-
malism cannot distinguish between these cases. They interpret topological failures
as optimization failures, add capacity, and discover that the capacity has no effect —
because the problem is not insufficient optimization but structural inadmissibility of the
local conditions.

8. Spin–Valley Modes in Moiré Superlattices: Hidden Constraint Propagation

8.1. The Physical Setting

Moiré superlattices formed by stacking two atomically thin layers of transition metal
dichalcogenides at a small twist angle constitute one of the richest experimental plat-
forms in contemporary condensed matter physics. The periodic interference pattern
between the two lattices creates an effective superlattice potential with a unit cell orders
of magnitude larger than the atomic scale, and the resulting flat bands concentrate
kinetic energy suppression in precisely the regime where interaction effects become
dominant. Twisted WSe2 bilayers, in particular, have recently been shown to host super-
conductivity [6, 7], correlated insulator phases, and topological states, making them a
setting where multiple competing orders — excitonic, magnetic, superconducting — are
simultaneously accessible.

The paper we treat as our second empirical reference [2] studies a distinct but related
phenomenon: the propagation of collective spin–valley modes in a moiré-hosted spin–
valley superfluid. The theoretical background was established by Bi and Fu [4], who
predicted an excitonic density wave and spin–valley superfluid in bilayer transition
metal dichalcogenides arising from interlayer Coulomb attraction between electrons in
opposite spin–valley sectors. The key feature of this state is that it supports a charge-
neutral order parameter: the condensed excitons carry no net charge, only correlated
spin and valley quantum numbers.
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8.2. Hidden Does Not Mean Unphysical

The language of hidden fields and hidden manifolds risks a misreading that must be
addressed directly. Throughout this essay, “hidden” does not mean metaphysically
inaccessible, unobservable in principle, or existing in a realm beyond the physical. The
spin–valley modes are hidden only relative to a particular measurement basis: ordinary
charge-sensitive probes. Once the measurement strategy changes — from static charge
response to direct space-time imaging of spin–valley fluctuations — the previously
hidden structure becomes fully and precisely empirically accessible. The Xiong et al.
paper does exactly this: it makes the hidden field visible by choosing a non-degenerate
observational basis.

The RSVP framework makes the same ontological claim. It does not posit an inacces-
sible substrate beyond observation. It argues that different observational projections
preserve different subsets of the underlying admissibility structure. A projection may be
operationally convenient — charge measurement is simpler than space-time spin–valley
imaging — while still eliminating the dynamically relevant organizational degrees
of freedom. The hidden field is hidden relative to a representational basis that was
optimised for different observables, not hidden in any absolute or metaphysical sense.

This matters for interpreting the broader convergence thesis. The claim that “hidden
dynamical manifolds are more physically fundamental than observable state variables”
is not a mystical claim about hidden realities. It is a structural claim about which
representational choices preserve the information necessary for long-horizon prediction
and global constraint coherence. The manifest structure of any projection is real; the
claim is that it is not sufficient for the physical purposes under discussion.

8.3. Observable Surfaces and Hidden Dynamics

The experimental and theoretical situation in twisted WSe2 presents with unusual clarity
a distinction that the RSVP framework treats as structurally fundamental: the distinction
between the observable projection surface and the hidden constraint dynamics beneath
it. Standard condensed matter measurement tools — transport, optics, scanning probes
— are sensitive to charge. They record the charge density, the charge current, the charge
compressibility. These are real physical quantities, and measuring them carefully yields
genuine information about the system.

The difficulty is that the most important collective organization of the spin–valley
superfluid state is charge-neutral. The order parameter carries no net charge; the
Goldstone modes that propagate through the system carry no charge current; the Higgs
fluctuations that stabilize the condensate produce no charge response. The observable
surface is real, but it is not the physical system. The physical system includes both the
observable projection and the hidden constraint geometry that the projection does not
access.

This situation is formally identical to the RSVP decomposition Xt = Xobs
t ⊕ Xhid

t with
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O(Xhid
t ) = 0. The observable projection O kills precisely the degrees of freedom that

carry the system’s collective organization. Recovering those degrees of freedom requires
a measurement strategy that is sensitive to the hidden field — one that does not project
onto the observable surface first and attempt reconstruction from that projection, but
that accesses the constraint geometry directly.

8.4. Collective Modes as Constraint Propagation

The Goldstone modes of the spin–valley superfluid are not merely soft fluctuations
associated with a broken symmetry. They are the physical realization of constraint
propagation: the mechanism by which the local admissibility conditions imposed by
the moiré superlattice potential propagate coherently across the sample and maintain
long-range collective order.

In the language of RSVP, the moiré superlattice potential plays the role of the con-
straint field Ψt: it specifies, at each spatial location, which configurations of the spin–
valley degrees of freedom are energetically admissible. The spin–valley superfluid state
is the global section of the admissibility sheaf A over the moiré domain: the unique
(up to gauge) configuration that is locally admissible everywhere simultaneously. The
Goldstone modes are the gapless perturbations of this global section that cost no energy
to the leading order, because they correspond to global rotations of the order parameter
that respect all the local admissibility conditions uniformly. The Higgs mode is the
perturbation that costs energy because it locally violates the amplitude constraint: it
attempts to change |ψ| from its condensate value, which the local admissibility condition
resists.

The propagation velocity of the Goldstone mode is therefore not merely a material
parameter but a measure of the stiffness of the global constraint structure: how strongly
the local admissibility conditions resist relative phase fluctuations between spatially
separated regions of the sample. A high propagation velocity indicates a stiff constraint
structure, one where the local admissibility conditions are tightly coupled across space.
A low velocity indicates a soft constraint structure, where local admissibility conditions
are relatively independent.

8.5. The Measurement Problem and Its Resolution

The central experimental challenge is that the spin–valley modes are charge-decoupled.
Ordinary transport measurements, which detect charge currents, are insensitive to the
propagating excitations because the condensed excitons carry no net charge. Optical
measurements that probe charge density are similarly blind. Standard steady-state mea-
surements show only the total response, in which charge-coupled excitations dominate
and the charge-neutral spin–valley modes are eclipsed entirely.

The experimental resolution is a pump–probe space-time imaging technique. A
shaped pump laser injects a localized packet of excitations at time t = 0; a delayed
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wide-field probe then tracks their spatial evolution as a function of time delay ∆t,
recording the full space-time trajectory rather than a static integrated response. Near
the van Hove singularity — a region of the moiré phase diagram with particularly high
density of electronic states — the technique resolves two propagating collective modes.
The modes carry opposite spin–valley currents and propagate at drastically different
velocities: one faster than 3 km s−1 with partially ballistic behaviour consistent with a
gapless excitation, the other slower and diffusive, consistent with a gapped excitation.
The fast, ballistic mode is interpreted as the Goldstone mode of the intervalley coherent
(IVC) ground state; the slow, diffusive mode is interpreted as the amplitude (Higgs)
mode with an energy gap. The authors describe their mission as developing the capacity
to directly record the “complete space-time evolution” of many-body quantum systems
— language that is almost exactly the RSVP prescription for trajectory recovery rather
than state-snapshot measurement.

8.6. RSVP Interpretation of Phase and Amplitude Modes

The Goldstone–Higgs mode decomposition in the spin–valley superfluid maps naturally
onto the RSVP field decomposition Xt = (ϕt, vt, St). The phase (Goldstone) modes
correspond to the vector flow vt: they govern coherent directional propagation through
the constraint manifold, are massless (gapless), and carry long-range organizational
information about the system’s collective state. The amplitude (Higgs-like) modes
correspond to fluctuations of the scalar density ϕt: they are energetically costly, localized
in effect, and reflect the local cost of deviating from the condensate density.

More formally, let ψ =
√

ρ eiθ denote the spin–valley order parameter in polar
decomposition, where ρ is the condensate density and θ is the phase. The effective
action in the vicinity of the condensate has the form

L ≈ 1
2 (∂µθ)2 + 1

2 m2
H(δρ)2 + · · · ,

where the first term governs gapless phase propagation and the second governs gapped
amplitude fluctuations with Higgs mass mH ∝

√
ρ0. In RSVP notation:

Phase modes: vt ∼ ∇θ, ∂tθ = −∇ϕ + T (vt), (4)

Amplitude modes: δϕt ∼ δρ, ∂t(δϕ) = −m2
Hδϕ + Dϕ∇2(δϕ). (5)

The phase modes preserve coherence and carry the system’s organizational informa-
tion across space; the amplitude modes stabilize the local condensate density against
perturbative fluctuations. This is precisely the RSVP distinction between low-entropy
coherence-preserving flows (which govern accessibility geometry) and local energetic
stabilization perturbations (which regulate the scalar field against collapse).
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8.7. Hidden Modes and Observable Projections

The most theoretically significant feature of the spin–valley experiment is the explicit
demonstration that the dynamically relevant structure of the system is not accessible
through its standard observable projection. This is the condensed matter version of the
RSVP critique of purely observational epistemology, and it is worth stating precisely.

Let O denote the observable projection: the map from the physical state Xt to the set
of measurable quantities (charge density, conductance, optical response). The charge-
decoupled spin–valley modes lie in the kernel of O: they contribute nothing to the
observable signal. The physically significant dynamics — the propagating Goldstone
modes that organize the collective state — are, in this sense, invisible. They belong to
the hidden part of the field,

Xt = Xobs
t ⊕ Xhid

t , O(Xhid
t ) = 0.

This decomposition is not merely a technical accident of the measurement apparatus.
It reflects a structural feature of the physics: the symmetry that protects the spin–valley
modes from charge hybridization is the same symmetry that makes them dynamically
significant. The hidden modes are hidden precisely because they are charge-neutral;
and they are the carriers of collective order precisely for the same reason.

In RSVP terms, the observable projection O plays the role of a lossy compression
that eliminates admissibility-relevant structure from the representation. The standard
condensed matter toolkit — transport, optics — operates exclusively on Xobs

t and is
therefore blind to the constraint dynamics of Xhid

t . Recovering those dynamics requires
a measurement strategy that is sensitive to the hidden field: direct space-time imaging
of the spin–valley fluctuations rather than inference from charge observables.

This is the physical analogue of the CLIO prescription for constraint-leveraged in-
ference: do not project the constraint structure onto a lower-dimensional observable
manifold and attempt reconstruction from that projection. Instead, develop measure-
ment or inference strategies that are sensitive to the admissibility structure directly.

8.8. Space-Time Imaging as Trajectory Recovery

The experimental technique developed in the moiré paper is a form of trajectory recovery.
Rather than recording a static snapshot of the collective state, the authors record its
complete space-time evolution: how the spin–valley fluctuations propagate across the
sample as a function of both position and time. The result is a direct observation of the
trajectories of the collective modes rather than merely their instantaneous configuration.

This maps onto the CLIO argument about Chain-of-Memory versus static symbolic
traces with unusual precision. The authors are not asking “what is the charge density at
time t?” — the static observable projection. They are asking “how does the spin–valley
order parameter evolve from t0 to t?” — the trajectory in the hidden field space. The
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physically meaningful answer is the trajectory, not the snapshot.

The RSVP formalization of this distinction is the provenance structure Pt = P(ωt).
Provenance records the history of admissible transitions that produced the current state:
it is the trajectory, not the state, that carries the organizational information. A system
whose collective modes propagate coherently over macroscopic distances is a system
whose provenance trace extends over those distances; the coherence is a property of the
trajectory rather than of any instantaneous configuration.

8.9. Emergent Macroscopic Organization from Local Constraints

A further feature of the spin–valley experiment resonates with the RSVP/TARTAN frame-
work: the emergence of macroscopic collective organization from purely local interaction
constraints. The moiré potential provides a periodic local constraint — the superlattice
— that frustrates the electrons into a correlated ground state. The spin–valley super-
fluid emerges not from any single interaction but from the global consistency of local
admissibility conditions across the entire sample.

This is the physical realization of the sheaf-theoretic structure developed in Section 7.
The local admissibility condition at each moiré unit cell is the constraint that interlayer
excitons occupy the energetically favoured spin–valley sectors. The global section is
the ordered condensate state. The Goldstone modes are the gapless fluctuations of the
global section; the Higgs mode is the cost of a section that violates the local amplitude
constraint.

The experimental observation that these modes propagate coherently across the
sample — rather than decaying into local incoherence — is evidence that the sheaf
gluing condition is satisfied: the local admissibility conditions are globally consistent,
and a global section exists. The absence of a propagating Goldstone mode would
correspond to a non-trivial Čech cohomology class: the local constraints would be
mutually incompatible in a way that prevents the formation of long-range collective
order.

9. Novel Theoretical Conclusions

The formal correspondences developed in the preceding sections are not merely ana-
logical. When pressed, they yield conclusions that are more specific than the general
thesis of convergent rediscovery, and that have implications extending beyond either
empirical paper. This section states five such conclusions explicitly.

9.1. Compression and Measurement as Formal Duals

The FSA paper studies a compression problem: reduce a high-dimensional physical field
to a compact latent representation while preserving admissibility structure. The moiré
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experiment studies a measurement problem: reconstruct hidden collective dynamics
from an observable projection surface. These are dual operations in a precise sense.

Let π : X → M denote the compression map and I : Mobs → Xhid denote the recon-
struction map from observables to hidden dynamics. The two papers demonstrate, from
opposite directions, that both operations must respect the same geometric constraint:
the admissibility structure of the physical system. The FSA shows that compression fails
when it violates the geometry of the underlying process. The moiré experiment shows
that measurement fails when it projects onto a surface that eliminates the physically
significant degrees of freedom.

The formal duality is:

X π−→ M (compression: preserve admissibility downward)

Mobs
I−→ Xhid (measurement: recover admissibility upward)

Both operations succeed when they respect constraint geometry and fail when they
do not. This suggests a unified principle: effective measurement and effective compression
obey the same admissibility-preserving geometric constraints. The design of good scientific
instruments, the design of good latent representations, and the design of good inference
systems may all reduce to the same underlying problem.

Proposition 9.1 (Compression–Measurement Duality). Let X be a field space with admis-
sibility structure Adm(X). A compression π : X → M is admissibility-preserving iff the
reconstruction map I = π−1|Adm exists and maps M back into Adm(X). The existence of
I is equivalent to π being injective on Adm(X): the admissible set is not collapsed by the
compression.

The proposition states that a compression is good — in the admissibility-preserving
sense — if and only if it supports a good reconstruction of the admissible region. The two
operations are not merely analogous; they are inverses, and their quality is determined
by the same geometric property of the map π.

9.2. Hidden Dynamical Manifolds as Primary

Both papers provide empirical evidence for a claim that is stronger than the convergence
thesis: that hidden dynamical manifolds may be more physically fundamental than the
observable state variables that standard theory and measurement treat as primary.

The moiré experiment demonstrates this in the clearest possible form. The physi-
cally significant organization of the spin–valley superfluid — the collective order, the
propagating modes, the broken symmetry that defines the phase — exists entirely in
the hidden field Xhid. The observable surface Xobs carries none of it. An account of the
system that begins with observable state variables and attempts to derive the collective
organization from them is not merely incomplete; it is organized around the wrong
primary objects.
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The FSA result makes the same point computationally. The Field-Space architecture,
trained only on residuals and never exposed to the coarse seasonal and warming signal,
spontaneously recovers the full dynamical geometry of the climate system in its latent
space. The convolution baseline, trained on the full field including the large-scale
climatological structure, loses it. The organized latent geometry emerges from the
constraint structure of the residuals, not from the surface statistics of the observable
field.

Together these results support the RSVP ontological claim:

Xobs = Π(Xconstraint),

where the observable field is a secondary projection of the hidden constraint manifold
rather than a primary object. This is structurally close to the programme of generalized
effective field theory, where macroscopic observables are understood as integrations-out
of microscopic degrees of freedom. The difference is that in the RSVP account, the hidden
degrees of freedom are not microscopic in the conventional sense but constraint-geometric:
they are the admissibility conditions that govern which trajectories are physically realiz-
able, rather than high-energy modes that happen to be integrated out.

9.3. Deep Learning as Implicit Field Theory

The FSA architecture, examined from the perspective of what it actually computes, is
structurally much closer to discretized field evolution than to classical symbolic AI or
to the lookup-table intuition that motivates most large-scale ML. It preserves topology
by operating on the HEALPix sphere. It evolves latent states continuously through
temporally structured diffusion. It transports compatibility constraints across scale
boundaries rather than mapping surface statistics. It encodes trajectory organization
rather than point-to-point correspondences.

These are precisely the structural commitments of a numerical field theory. The
architecture’s success — its superior compression efficiency, its organized latent space,
its zero-shot generalization — depends directly on respecting geometry, preserving
continuity, and maintaining cross-scale constraint consistency: the properties that define
well-posed field theories. The architecture succeeds to the extent that it behaves like a
dynamical field, and fails to the extent that it behaves like a lookup system.

A more precise formulation: under optimization pressure from physically con-
strained domains, deep learning architectures increasingly become discretized field
theories without explicitly recognizing or naming this transition. The FSA is a data point
in what appears to be a systematic empirical trend. GraphCast [10], Pangu-Weather [11],
FourCastNet [12] — the leading neural weather prediction systems — all converge on ar-
chitectures that preserve spherical geometry, propagate information continuously across
spatial scales, and maintain temporal coherence through structured latent dynamics.
The transition from storage-first to field-first representation is being driven by physics,
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not by theoretical preference.

9.4. Irreversibility as Geometric Contraction

Both papers contain evidence that the physically important object is not instantaneous
state but constrained historical trajectory, and that irreversibility is not primarily a
thermodynamic property but a geometric one.

The FSA latent space visualization is particularly revealing. Encoded daily climate
states from 1940 to 2024 drift smoothly and directionally through the latent manifold
when coloured by year, with earlier states concentrated in one region and more recent
states displaced along an outer arc. This drift is not a random walk; it has a consistent
direction in latent space that mirrors the directional character of global warming. The
trajectory through the latent manifold is irreversible not because entropy increases in
the thermodynamic sense, but because the accessible region of the latent manifold at
late times is a proper subset of the region accessible at early times: certain latent states
that were reachable in 1940 have become unreachable by 2024, and not merely because
they are unlikely but because the constraint structure of the system has shifted.

This is the RSVP account of temporal asymmetry:

Aconsistent
t+1 ( Acounterfactual

t ,

stated in empirical rather than formal terms. The latent manifold contracts under
historical constraint accumulation. The contraction is geometric — a reduction in the
volume of the accessible region — rather than thermodynamic. Irreversibility is not the
growth of disorder but the shrinkage of possibility.

The moiré experiment provides a physical analogue: the Goldstone modes propagate
directionally, carrying spin–valley current in a specific direction across the sample. The
propagation is not time-reversible in the experimental sense: exciting a localized packet
and watching it spread produces a specific asymmetric space-time evolution. The
constraint geometry of the IVC state selects a direction of propagation; the trajectory
through the collective mode space is path-dependent in exactly the sense the RSVP

framework predicts.

9.5. A Generalization Theorem

The FSA zero-shot capability across both resolution domains (HEALPix levels 6–8) and
model domains (ERA5 to MPI-ESM at 100 km resolution) supports a general theoretical
claim that is stronger than the observation of a single benchmark result.

Theorem 9.2 (Generalization from Constraint Geometry). Let π : X → M be an
admissibility-preserving compression and let C denote the constraint compatibility structure
learned during training on distribution D. Then the system generalizes zero-shot to any input
x /∈ D satisfying the same admissibility conditions as D, in the sense that the reconstruction
π−1(π(x)) lands in Adm(X).

34



Constraint Geometry Across Scales Flyxion

Sketch. If π is admissibility-preserving, then π maps Adm(X) injectively into M. The
learned compatibility structure C is a representation of this map restricted to the train-
ing distribution D ∩ Adm(X). For any x ∈ Adm(X) (regardless of whether x ∈ D),
the admissibility conditions satisfied by x are the same as those encoded by C, since
admissibility is a property of the physical system rather than of the training distribution.
Therefore π−1(π(x)) ∈ Adm(X), and the reconstruction is admissible. Distributional
proximity is irrelevant; admissibility membership is sufficient.

The theorem makes precise what the FSA zero-shot results demonstrate empirically:
it is the admissibility conditions, not the training distribution, that determine the scope
of generalization. A system that learns constraint compatibility generalizes wherever
those constraints apply. A system that learns distributional statistics generalizes only
where those statistics hold. The practical consequence is that geometry-aware, constraint-
preserving architectures are qualitatively more robust than distribution-matching archi-
tectures at any finite scale.

This reframes the scaling debate directly. The relevant question is not how many pa-
rameters or how much data but whether the system has learned the constraint structure
of the domain. A small system that has learned admissibility geometry may generalize
more robustly than a large system that has memorized distributional surface statistics.
This is a strong prediction that the current convergence of architectural pressure toward
field-theoretic design makes increasingly testable.

9.6. Trajectory Coherence Precedes Semantic Interpretation

A subtler but important observation emerges from both papers: coherent dynamical
organization appears to be detectable before and independently of semantic interpreta-
tion. In the FSA, the latent space organizes into seasonally structured cyclic trajectories
and historically directional drift without any explicit semantic labelling. The geometric
structure emerges from the architecture’s constraint commitments alone, prior to any
downstream task that would require semantic interpretation of the compressed state.

In the moiré experiment, the coherent space-time propagation of the collective modes
is observed and characterized — velocity, dispersion relation, directionality, ballistic
versus diffusive behaviour — before the exact nature of the IVC ground state is identified.
The Goldstone mode is recognizable as coherent propagation long before the question
of whether the underlying state is an incommensurate Kekulé spiral order or some
other IVC variant is resolved. Coherence geometry is a more primitive experimental
observable than phase classification.

This convergence suggests a broader epistemic principle: coherence detection may be
prior to semantic classification in the order of scientific knowledge. Dynamical systems
organize themselves coherently before human observers interpret what the coherence
means. The implication for machine learning is that training coherence — trajectory
consistency across temporal and spatial scales — may be a more fundamental objective
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than semantic correctness, and that systems evaluated primarily on semantic endpoint
accuracy may systematically miss the coherence structure that makes correct endpoints
possible at long horizons.

9.7. Trajectory Coherence Under Compression

The following theorem makes precise the sense in which admissibility-preserving com-
pression protects trajectory coherence, and characterises what happens when it fails.

Theorem 9.3 (Trajectory Coherence Preservation). Let π : X → M be a compression
map that preserves admissibility and cross-scale compatibility. If γ : [t1, t2] → X is a globally
admissible trajectory in X, then the projected trajectory π ◦γ preserves coherence under temporal
composition:

(π ◦ γ)(t2) ◦ (π ◦ γ)(t1) = π
(
γ(t2) ◦ γ(t1)

)
,

up to bounded reconstruction error determined by the local entropy density St. Conversely, if π

fails to preserve admissibility structure, temporal composition becomes non-associative under
projection, producing cumulative trajectory drift and eventual representational delamination:
the projected trajectory separates from the physical admissibility manifold and cannot be returned
to it by any sequence of admissible local corrections.

Sketch. Admissibility-preservation implies that π is injective on Adm(X), so the com-
position law in X transfers to M: π(γ(t2) ◦ γ(t1)) = (π ◦ γ)(t2) ◦ (π ◦ γ)(t1) with error
bounded by the reconstruction error of π, which is controlled by St (Proposition 4.1). If
π is not admissibility-preserving, π collapses some admissible transitions: there exist
ω1 6= ω2 ∈ Adm(X) with π(ω1) = π(ω2). Temporal composition applied to such
collapsed transitions produces a sequence of projected states that satisfies the projected
composition law but not the original one; the error accumulates over the trajectory
and is not bounded by any local quantity. Topological delamination follows once the
accumulated error exceeds the admissibility threshold κ∗.

The phrase representational delamination deserves emphasis. It names the specific
failure mode that distinguishes structurally admissibility-violating systems from merely
noisy ones. A noisy system produces small random errors that may be correctable locally.
A delaminated system has left the physical admissibility manifold entirely; its trajectory
in representation space no longer corresponds to any trajectory in the physical system’s
state space, and no amount of local correction can restore the correspondence. Climate
trajectory drift that exits the physical climate manifold, latent space collapse that loses
the seasonal trajectory structure, semantic incoherence that accumulates over long text
generation, and hallucination that produces locally plausible but globally inadmissible
outputs are all instances of representational delamination. The FSA architecture resists
delamination by construction; the convolutional baseline exhibits the precursor to it in
its zero-shot resolution experiments.
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9.8. Constraint Curvature and Historical Drift

The latent warming drift observed in the FSA representations is not merely a visualisation
artifact. It suggests that the admissibility manifold possesses an intrinsic curvature
induced by historical constraint accumulation. The climate trajectory does not translate
uniformly through latent space; it follows a curved path whose geometry is history-
dependent in a way that distinguishes accessible future states from counterfactually
accessible past states.

In the RSVP framework this curvature arises from the progressive contraction of the
accessibility structure:

Aconsistent
t+1 ( Acounterfactual

t .

The resulting geometry is non-Euclidean in a precise sense. Parallel transport of tra-
jectories through the admissibility manifold produces path-dependent displacement
analogous to holonomy in curved connections. Two trajectories that begin arbitrarily
close may diverge permanently if their histories induce different admissibility contrac-
tions — the topological manifestation of irreversibility discussed in §9.

Constraint curvature therefore provides a unified geometric interpretation of four
phenomena that otherwise appear as separate empirical observations: the directional
warming drift in the FSA latent space (curvature in the temporal direction of the accessi-
bility manifold); the path-dependent propagation of the spin–valley Goldstone modes
(curvature in the spatial direction of the constraint connection); the non-vanishing holon-
omy of the sheaf formalism in §7 (topological curvature of the admissibility bundle);
and the long-horizon coherence failures of systems that ignore constraint geometry
(geodesic deviation in a curved manifold when a flat approximation is assumed). The
latent drift is not a visualisation curiosity. It is a geometric record of the curvature that
the physical system has accumulated.

9.9. The Structural Pressure Hypothesis

The formal correspondences established in the preceding sections are not, by them-
selves, evidence that the RSVP/CLIO/TARTAN framework is correct. What makes them
significant is their character and their independence. The FSA paper was designed to
solve a specific engineering problem: scalable climate emulation. The spin–valley moiré
paper was designed to solve a specific measurement problem: directly imaging hidden
collective dynamics in a correlated quantum material. The RSVP/CLIO/TARTAN frame-
work was developed to address foundational questions in the philosophy of physics
and computation. All three arrived at overlapping structural commitments through
entirely different channels.

The FSA demonstrates computationally that effective compression requires geometry-
aware, constraint-preserving, hierarchically explicit architecture. The moiré experiment
demonstrates physically that effective understanding of collective dynamics requires
sensitivity to hidden constraint manifolds that are invisible to standard observable
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projections. Together they constitute two independent instances of the same structural
principle: the dynamically significant organization of a physical system is carried by its
constraint geometry, and observable outputs are secondary projections of that geometry
rather than primary objects of study.

We call this the structural pressure hypothesis: geometry-aware, constraint-preserving,
trajectory-sensitive representations emerge independently wherever the physical de-
mands of the target domain make observable-surface approaches fail. The FSA paper
is one instance; the moiré experiment is another; and similar pressures are visible in
developments in protein structure prediction [10, 11], neural operator theory, and long-
horizon planning in reinforcement learning. The convergence is not coincidental. It
reflects a structural feature of physical reality: the dynamically significant organization
of a system is carried by its constraint geometry, not by its instantaneous observable
configuration.

9.10. What the Convergence Does Not Imply

It is equally important to be explicit about what the convergence does not imply. It
does not imply that the FSA architecture is a complete engineering implementation
of the RSVP programme, or that the spin–valley experiment constitutes a laboratory
demonstration of RSVP field dynamics. Both empirical papers operate within their own
conceptual frameworks and make no reference to the theoretical structures developed
here. The correspondences are structural, not definitional.

More importantly, the convergence does not imply that the engineering and experi-
mental approaches are approaching a theoretical limit that the formal framework has
already reached. Both the theoretical and empirical traditions are works in progress.
The theoretical framework identifies structural features that the empirical approaches
lack — explicit admissibility formalisms, provenance structures, cohomological con-
straint checking, holonomy-aware path conditioning. The empirical approaches provide
constraints and exemplars that the theoretical framework has not yet been tested against
in those specific physical regimes. The relationship is one of productive tension rather
than one-sided validation.

9.11. Long-Horizon Coherence as the Common Constraint

The structural pressure hypothesis identifies a specific common constraint that unifies
the climate system, the spin–valley moiré experiment, and the broader domains of
cognition, reasoning, and semantic memory: local correctness is insufficient for global
admissibility. This is the deep unifying principle beneath the essay’s entire argument,
and it deserves explicit statement as a subsection rather than a remark distributed across
the text.

In the climate system, a model that is locally accurate — that predicts the correct
atmospheric state at each individual time step — can nonetheless produce a globally
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inadmissible trajectory, one that drifts to climatologically impossible states over long
integration horizons. The local correctness of each step provides no guarantee that
the global trajectory remains on the physical manifold. Enforcing global admissibility
requires a representational structure that is sensitive to the full constraint geometry of
the system’s possible trajectories, not merely to the local statistics of adjacent states.

In the spin–valley system, a measurement strategy that is locally accurate — that
correctly records the charge density at each spatial point — can nonetheless be entirely
blind to the globally organized collective modes that carry the system’s physical order.
The local measurement correctness provides no access to the global constraint structure
that the Goldstone modes propagate. Accessing that structure requires a measurement
approach that is sensitive to the system’s trajectory in hidden field space, not merely to
its projection onto the observable surface.

In cognition and language, a generative system that is locally accurate — that
produces grammatically and semantically plausible continuations at each step — can
nonetheless produce globally incoherent outputs: texts that are locally reasonable but
collectively contradictory, plans that are individually achievable but jointly infeasible,
arguments that are locally valid but globally fallacious. Enforcing global coherence
requires precisely the trajectory-conditioning and provenance-tracking mechanisms that
the RSVP/CLIO framework formalizes.

The structural unity of these cases is not coincidental. In each, the system has a
long-horizon constraint structure that is not reducible to any finite set of local con-
straints. Short-horizon optimization fails not because the local objectives are wrong
but because global admissibility is a path-dependent condition: whether a current state
is admissible depends on the entire history of transitions that produced it, not merely
on its current configuration. This is the RSVP account of accessibility shrinkage made
precise as an engineering and experimental constraint. Systems that do not maintain
provenance-sensitive access to the full history of admissible transitions cannot enforce
global admissibility, regardless of their local accuracy.

9.12. The Remaining Conceptual Gap

The conceptual gap that separates the current engineering approaches from the full
theoretical framework can be stated precisely. Existing architectures, including the FSA,
achieve operational admissibility preservation: their outputs tend to satisfy physical
admissibility conditions because the training data is organized around such conditions.
They do not achieve structural admissibility preservation: they lack explicit formal
mechanisms for enforcing admissibility in the event of distribution shift, novel boundary
conditions, or compositionally novel inputs.

The distinction matters because it determines generalization. An architecture that
achieves only operational admissibility preservation will generalize within the training
distribution and fail at its boundary. An architecture that achieves structural admis-
sibility preservation will generalize to any input that satisfies the same admissibility
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conditions as the training data, regardless of distributional proximity. The FSA’s zero-
shot super-resolution capability is a partial demonstration of structural generalization,
which is why it is theoretically significant. But it remains partial: the architecture has
learned constraint compatibility within a specific domain and a specific distribution, not
the general admissibility structure of the underlying physics.

The full theoretical framework provides a research direction for bridging this gap.
Architectures equipped with explicit admissibility formalisms, sheaf-theoretic constraint
checkers, and holonomy-aware trajectory conditioning would, in principle, achieve
structural rather than merely operational admissibility preservation. Building and
evaluating such architectures is a concrete research programme that the FSA paper helps
to motivate.

9.13. Why Endpoint Metrics Systematically Mislead

Most contemporary evaluation protocols assess endpoint states rather than admissible
trajectories. Reconstruction RMSE, next-token prediction loss, classification accuracy,
and benchmark pass rates all compare final outputs against target outputs while remain-
ing largely insensitive to the constraint geometry that produced them. These metrics are
degenerate observables in the sense of §3: they collapse structurally distinct systems
into the same observable equivalence class.

The FSA paper demonstrates this directly and precisely. The HEALPix convolution
baseline achieves competitive RMSE at low compression ratios — it is not a poor model
by the standard metric. Yet its latent space is disorganised, its zero-shot generalisation
fails, and its parameter scaling exhibits instability (validation loss diverging as parame-
ters increase beyond 36M). The Field-Space architecture achieves lower RMSE at higher
compression while simultaneously producing organised latent trajectories and stable
parameter scaling. Both dimensions of improvement are missed by endpoint RMSE
alone.

The asymmetry is structural: endpoint metrics reward local correctness without
penalising global inadmissibility. A model that accurately reconstructs each individual
state while violating the dynamical geometry of the trajectory between states scores
well. A model that preserves trajectory geometry while differing superficially from the
training distribution may score poorly. Benchmark culture therefore systematically se-
lects for representational systems that optimise projection-surface fidelity at the expense
of hidden constraint coherence.

The appropriate evaluation metric for an admissibility-preserving system is not
endpoint RMSE but the quality of the learned constraint structure, measured by prop-
erties such as latent space organisation, zero-shot generalisation to novel admissibility
conditions, and long-horizon trajectory coherence. These metrics are harder to compute
but correspond more directly to what the physical system actually requires.
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9.14. Broader Implications for Representation Theory

The convergence also has implications beyond the specific domains of climate modelling
and field theory. If the structural pressure hypothesis is correct, then the ongoing failure
of large flat models to achieve long-horizon coherence in language, planning, and
reasoning is not primarily a scaling problem but a structural one. The representational
ontology of flat token sequences, like the representational ontology of flat climate grids,
is incompatible with the geometry of the processes it is trying to model. Increasing the
scale of a fundamentally mismatched representation does not resolve the mismatch; it
may, in some cases, amplify it by increasing the number of degrees of freedom available
for overfitting to surface regularities [24, 25].

A direct consequence concerns benchmark culture. Most evaluations assess endpoint
accuracy — reconstruction RMSE, classification accuracy, next-token prediction loss
— without examining admissibility-preserving trajectory organization. The FSA paper
contains an implicit critique of this practice: the HEALPix convolution baseline achieves
competitive RMSE at low compression ratios, yet its latent space is disorganized and its
zero-shot generalization fails. A model can appear accurate while structurally violat-
ing the geometry of the underlying process. Surface metrics reward local correctness
without penalizing global inadmissibility. The appropriate evaluation metric for an
admissibility-preserving system is not endpoint RMSE but the quality of the learned con-
straint structure — measured by properties such as latent space organization, zero-shot
generalization to novel admissibility conditions, and long-horizon trajectory coherence.

The geometry-first, constraint-preserving, hierarchically explicit approach suggests
a different design and evaluation strategy: rather than increasing the depth and width
of flat representations, increase the explicitness and precision of the constraint structure,
and evaluate on the properties that depend on that structure. This is not a proposal
to abandon statistical learning. It is a proposal to provide statistical learning with a
representational substrate that is geometrically compatible with the target domain, so
that what is learned reflects the admissibility structure of the domain rather than the
distributional structure of the training corpus.

9.15. Representation Collapse as a General Failure Mode

The recurring failure identified across climate modelling, quantum measurement, and
large-scale machine learning is not merely loss of accuracy but collapse of representational
fidelity to the underlying constraint geometry. A representation collapses when it preserves
local surface statistics while destroying the admissibility structure that organises the
physical process globally. The collapse is not always visible in endpoint metrics because
the metrics themselves are evaluated on the projection surface rather than on the hidden
trajectory geometry of the process.

Representation collapse has a precise formal signature. A compressed representation
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M has undergone constraint collapse relative to the original space X if

dim
(
A(M)

)
� dim

(
π(A(X))

)
,

where A(M) is the accessibility structure of the compressed representation and π(A(X))

is the image of the original accessibility structure under compression. The compression
has destroyed the accessible future structure of the physical system: states that should
be reachable in the compressed representation are not, and states that should not be
reachable are.

This failure mode explains why systems can appear operationally successful un-
der short-horizon evaluation while remaining structurally incapable of long-horizon
coherence. Over short horizons, the collapsed accessibility structure is approximately
consistent with the original; the errors are small enough to fall within acceptable metric
tolerances. Over long horizons, the divergence between A(M) and π(A(X)) accu-
mulates, and the system eventually generates trajectories that are inadmissible in the
original space. This is representational delamination in slow motion.

The FSA results provide a controlled empirical demonstration. The convolutional
baseline at high compression ratios undergoes partial constraint collapse: it loses the
organised accessibility structure visible in the Field-Space latent trajectories. The short-
horizon RMSE metric does not detect this collapse until the extreme compression regime
(1024×) where accuracy degrades sharply. The latent space organisation metric detects
it at every compression ratio.

10. Physics Education Research as a Third Instantiation

A third domain provides unexpected confirmation of the structural pressure hypothesis
from a direction entirely orthogonal to both climate emulation and condensed matter
physics. A recent comparative study of active learning methods in introductory physics
and astronomy courses [26] examined four established instructional approaches across
31 implementations at 28 institutions: Peer Instruction [27], ISLE [28], Tutorials [29],
and SCALE-UP [30]. The study reported that all four methods improved short-term
conceptual understanding as measured by concept inventories, with SCALE-UP exhibit-
ing significantly larger gains. Its observational analysis suggested that time spent in
genuine collaborative work, rather than in lecture-plus-clicker cycles, predicted larger
conceptual gains.

This is a well-executed study within its design assumptions. It is precisely those
assumptions that make the paper theoretically interesting in the present context. The
study implicitly treats physics learning effectiveness as a scalar quantity measurable
through short-term standardized instruments. The argument of this essay predicts,
on structural grounds, that this compression should produce exactly the failure mode
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described in preceding sections: representational collapse of the underlying admissibility
structure, invisibility of the collapse to the metric used, and systematic misleading of
long-horizon inference from short-horizon evaluation.

10.1. Concept Inventories as Degenerate Observables

A concept inventory is a multiple-choice instrument designed to assess conceptual
understanding of a particular domain, typically administered before and after an in-
structional intervention. Force Concept Inventories, conceptual surveys of electricity
and magnetism, and similar instruments have been widely validated for reliability
and discriminant validity within their intended short-term measurement context. The
question at issue is not their reliability as instruments but their adequacy as observables
of the underlying process they are meant to track.

In the formal vocabulary developed in §3, a concept inventory score is a degenerate
observable of intellectual development. The projection

Oinv : Xdev → R

maps the full developmental state Xdev of a learner — which includes conceptual
structure, tacit knowledge [33], problem-solving heuristics, analogical repertoire, moti-
vational trajectory, and the accumulated pattern of domain-crossing experience — onto
a single scalar score. The map is degenerate in a structurally precise sense: it collapses
dynamically distinct developmental configurations into the same observable value.

Two students who achieve identical pre-to-post gains on a force concept inventory
may have undergone radically different developmental trajectories. One may have
consolidated a robust, transferable conceptual schema with rich connections to adjacent
domains. Another may have memorised the vocabulary sufficient to pass the instrument
without acquiring the underlying structural understanding. Both map to the same ob-
servable, but their accessible futures — the set of admissible developmental trajectories
available to them at the next stage — are entirely different. The degenerate observable
Oinv cannot distinguish between them.

This degeneracy is not a correctable measurement error that better instrument design
could eliminate. It is structural: the dimensionality of Xdev far exceeds the dimension-
ality of R, and no scalar projection can avoid the collapse. The study by Sundstrom
et al. is careful and rigorous within its design, but it is asking about the image of Oinv

rather than about Xdev itself. The structural pressure hypothesis predicts that this will
produce operationally useful but long-horizon-misleading conclusions: the gains are
real, the measurement is coherent, and the inference to long-term scientific capability is
structurally unwarranted.
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10.2. The Reflexivity Complication

The educational domain compounds the degeneracy problem with a second structural
feature absent from climate and condensed matter physics: reflexivity. Physical fields
do not modify their behaviour in response to being measured. Climate systems do not
read papers about climate modelling and adjust their dynamics accordingly. Spin–valley
modes do not reorganise themselves in response to observational protocols.

Human learners do all of these things. Students respond to grading structures,
institutional incentives, perceived performance standards, and the cultural meanings
attached to different disciplines. A concept inventory is not merely an instrument
applied to a stable system; it is an intervention that modifies the system it measures.
Students who know they are being evaluated on conceptual understanding may allocate
effort differently than those who are not. Instructors who know their effectiveness is
being measured by pre-to-post gains on a specific instrument may align their teaching
toward that instrument. The act of measurement modifies the accessibility structure of
the measured system in ways that have no analogue in physical measurement.

This reflexivity problem is formally analogous to the difference between a constraint
that is merely statistical and one that is structurally enforced. A statistical constraint can
be violated by a sufficiently motivated agent; a structural constraint cannot be violated
by any continuous adjustment. Human learning systems operate under statistical
constraints that bend under institutional pressure. The result is Goodhart’s Law [32]:
when a measure becomes a target, it ceases to be a good measure. The concept inventory
score, once used to evaluate instructional effectiveness, partially decouples from the
construct it was designed to track, because the measurement itself becomes part of the
constraint structure that shapes instructional decisions.

The RSVP framework handles reflexive systems by tracking the provenance of the
accessibility structure: Pt = P(ωt) records not merely the current state but the history
of how the admissibility conditions themselves have evolved. A non-reflexive physical
system has a stable admissibility structure that the measurement does not perturb. A
reflexive social system has an admissibility structure that is partially constituted by the
measurement protocol. Without explicit provenance tracking, an analysis of a reflexive
system cannot distinguish between genuine improvement in the underlying process
and improvement in the system’s capacity to optimise for the measurement.

10.3. Intellectual Development as Admissibility Geometry

The most theoretically productive framing of the education paper’s results is as evidence
about accessible futures rather than about scalar quantities. What SCALE-UP produces,
if the observational analysis is correct, is an instructional environment that expands
the accessible developmental trajectory space more effectively than the alternatives.
Students who spend more time in genuine collaborative work on complex problems
develop a richer set of admissible subsequent trajectories: they have more ways to
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proceed, more analogical connections available, more problem-solving strategies in
their repertoire. The concept inventory gain is a degenerate projection of this expanded
accessibility; it is real evidence of the underlying change but not a measure of it.

This reframing dissolves an apparent tension in the literature. Studies occasionally
find that active learning methods improve standardized test scores without producing
equivalent improvements in other measures of scientific capability [31]. The RSVP
interpretation explains this: the accessibility structure expanded by good instruction
is multidimensional, and a scalar projection will detect expansion in some dimensions
while being blind to others. Different instruments project different dimensions; the
apparent inconsistency across instruments reflects genuine multidimensionality in the
underlying developmental space rather than measurement error.

The implications for educational research design are directly analogous to the im-
plications for computational and experimental design drawn from the FSA and moiré
papers. Just as effective climate compression requires operators sensitive to the admissi-
bility geometry of the atmospheric system rather than to pixel-level statistics, and just
as effective measurement of spin–valley collective modes requires space-time imaging
of hidden trajectories rather than static charge response, effective assessment of intel-
lectual development requires instruments sensitive to the accessibility structure of the
learner’s developmental space rather than to the endpoint coordinates of a standardized
projection.

Concretely: rather than measuring pre-to-post gains on a fixed instrument, assess
the structure of the learner’s analogical transfer capacity across novel domains, the
coherence of their problem decomposition strategies over long time horizons, and the
stability of their conceptual representations under perturbation by unusual examples.
These are not merely harder measurements; they are measurements of a different object
— the constraint geometry of the developmental space rather than a degenerate scalar
projection of it. The analogy with the FSA’s latent space organisation metric versus
its RMSE metric is direct: the latter is easier to compute and partially informative; the
former is more informative about the structural property that determines long-horizon
performance.

11. Constraint Geometry and the Failure of Flat Epistemology

11.1. Why Surface Statistics Become Misleading

The recurring pattern across every empirical domain examined in this essay is that
systems initially appear tractable through surface statistics alone, and then progressively
fail as the temporal horizon, geometric complexity, or coupling structure of the domain
increases. Flat representations work well in the weak-coupling regime because local
statistics partially shadow the deeper admissibility geometry. They fail in the strong-
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coupling regime because the local statistics become progressively decoupled from the
constraint structure that actually governs long-horizon evolution.

This transition can be formalised geometrically. Let X denote the full constraint space
of the physical system and let π : X → M be a projection onto an observable manifold
M. In weakly constrained systems, the fibers π−1(m) for m ∈ M remain small relative
to the scale of the dynamics. Observable states therefore approximately determine the
underlying physical state, and surface statistics are informative. In strongly constrained
systems, the fibers become large and structurally heterogeneous: many dynamically
distinct trajectories project to the same observable state. The observable surface ceases
to determine the physical trajectory.

The result is a characteristic epistemic illusion. The system appears predictable
over short horizons because the observable projection still contains enough information
to interpolate locally. Over longer horizons, prediction degrades because the hidden
admissibility geometry dominates the dynamics while remaining invisible to the repre-
sentation. This is the failure mode visible in long-context language generation, in climate
trajectory drift, in hidden quantum collective modes, and in educational evaluation.
Local correctness survives while global coherence collapses.

11.2. Constraint Geometry as the Carrier of Persistence

The deeper implication is that persistence itself is a geometric property. A system
persists through time not because its local state is stable but because its admissibility
structure constrains the space of possible perturbations tightly enough that coherent
trajectories remain available.

This suggests a reinterpretation of stability theory. Traditional dynamical systems
theory treats stability in terms of local perturbative return: a trajectory is stable if
nearby trajectories converge back toward it under evolution. The present framework
suggests a stronger criterion. A trajectory is structurally stable if perturbations preserve
admissibility membership: x + δx ∈ Adm(X) for all perturbations δx within some
admissible neighbourhood.

The distinction matters because a trajectory may be locally stable while globally
inadmissible. Such trajectories are operationally persistent over short horizons but
eventually undergo representational delamination from the physical manifold. This is
exactly what occurs in systems optimised exclusively for local loss functions without
explicit admissibility preservation. The hidden field is therefore not merely explanatory
overhead. It is the carrier of persistence itself.

11.3. Constraint Transport and the Nature of Generalisation

The standard interpretation of generalisation in machine learning is that models interpo-
late statistical regularities beyond the training set. The evidence examined in this essay
suggests a more precise interpretation: systems generalise robustly when they learn
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transport laws for admissibility constraints rather than surface correlations.

This can be stated formally. Let C(x) denote the constraint structure associated with
a state x. A system generalises structurally if C(xtrain) = C(xtest) implies successful
reconstruction or prediction even when xtest /∈ Dtrain. This is exactly what the FSA

transformer demonstrates in its transfer from ERA5 fields to MPI-ESM outputs: the
surface statistics differ, the constraint structure does not, and the architecture transfers.

The implication reframes the scaling problem. Increasing parameter count without
improving constraint transport primarily increases interpolation capacity inside the
observable manifold. Improving admissibility preservation increases the volume of
structurally reachable trajectories outside the training distribution. The former scales
memory. The latter scales understanding.

11.4. Scientific Revolutions as Representational Topology Change

The argument developed throughout this essay provides a structural analogy — offered
not as a causal explanation but as a formal parallel — for why scientific paradigms shift.
A representational framework remains productive as long as its observable manifold
remains approximately compatible with the admissibility structure of the domain. As
empirical precision increases, the mismatch accumulates. Anomalies appear because
trajectories that are admissible in the representation are inadmissible in the physical
system. Eventually the representation becomes topologically unstable relative to the
domain, and adding parameters, corrections, or local refinements no longer restores
coherence. The representational substrate itself must change.

This structural description applies, with appropriate domain-specific differences, to
the shift from Euclidean to relativistic spacetime, from local hidden-variable pictures to
Hilbert-space quantum mechanics, from symbolic AI to geometry-aware latent dynam-
ics, and from flat climate grids to field-space representations. In each case the observable
surface eventually ceases to support the admissible trajectories required by the physics.

The structural parallel is this: scientific revolutions share with these engineering
transitions the feature that they cannot be resolved by incremental local improvement.
They require a change of representational topology — a change in the class of objects
the framework treats as primary, not merely a change in the parameters of a fixed
framework.

11.5. Toward a Constraint-First Epistemology

Traditional empiricism treats observables as primary and hidden structure as derivative
inference. The repeated convergence examined in this essay suggests the reverse order-
ing may be more fundamental: constraint geometry is primary, while observables are
projections that preserve only part of the underlying organizational structure.

Knowledge, under this view, is not fundamentally the accumulation of surface
measurements. It is the progressive reconstruction of the hidden admissibility manifold
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from the traces left by observable projections. The aim of science changes subtly but
decisively: the goal is not merely to predict observations but to recover the constraint
geometry that makes those observations cohere over long horizons.

This explains why long-horizon coherence repeatedly emerges as the deepest crite-
rion of successful representation. A representation that captures the constraint geometry
continues to produce admissible trajectories under perturbation, extrapolation, and
scale transfer. A representation that captures only surface regularities fails precisely
when the system leaves the narrow manifold occupied by the training distribution. The
difference between the two is the difference between prediction and understanding.

12. Future Directions

The convergence documented throughout this essay suggests several concrete research
directions whose importance extends beyond the specific domains examined here.

Explicit admissibility-aware architectures. Existing geometry-aware systems such as
the FSA preserve admissibility operationally but not formally. Architectures equipped
with explicit constraint-checking operators, sheaf-theoretic compatibility verification,
and trajectory-level coherence regularization would allow admissibility to be enforced
structurally rather than statistically. Such systems would constitute a qualitatively
different category of representation learner: not distribution-matching systems but
admissibility-preserving systems, whose generalization failures correspond to genuine
constraint violations rather than distributional novelty.

Observable degeneracy detection. Many scientific domains likely contain hidden dy-
namical manifolds analogous to the spin–valley modes in twisted WSe2: physically
organizing structures that standard observables systematically project away. A general
theory of projection degeneracy would provide criteria for identifying when an observ-
able basis is insufficient to recover the underlying constraint geometry. The formal tools
are already present in §3 and the sheaf formalism of §7; what remains is their systematic
application to domain selection.

Developmental and cognitive trajectory analysis. If educational and cognitive systems
possess rich accessibility structures, then scalar endpoint evaluations systematically
underestimate the geometry of learning. Longitudinal trajectory-sensitive metrics, ana-
logical transfer topology, and provenance-aware developmental analysis may become
necessary for understanding cognition in the same way that space-time imaging became
necessary for understanding the spin–valley superfluid. The Sundstrom et al. study
measures concept inventory gains; the analogous advancement would measure the
structure of the learner’s accessible trajectory space directly.

Latent geometry as an attractor under optimization. The spontaneous emergence of
organised latent manifolds in FSA systems trained only for reconstruction suggests
that certain geometric structures are attractors under optimization pressure whenever
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the underlying domain contains persistent admissibility constraints. Understanding
this relationship would help explain why increasingly many high-performing systems
converge toward field-like internal organizations even when not explicitly designed to
do so, and would provide principled guidance for when such convergence should be
expected to occur.

Unification across projection types. The present essay has treated physical compression,
quantum measurement, and educational assessment as three instances of the same
structural problem. If constraint geometry is the primary organizational substrate
across these domains, then field dynamics, inference, memory, and measurement may
be different projections of a common underlying structure. That possibility remains
speculative. The structural convergence motivating it does not.

13. Conclusion: The Hidden Field is the Physical Field

Three empirical papers, from three entirely different domains, each independently dis-
cover that the dynamically significant organization of their respective systems is not
carried by the obvious observable surface. The Field-Space Autoencoder [1] finds that
climate compression fails when it optimises for pixel-level reconstruction fidelity, and
succeeds when it preserves the admissibility geometry of the atmospheric field. The
spin–valley moiré experiment [2] finds that the physically meaningful collective modes
of the quantum material are charge-decoupled and invisible to standard observational
bases, becoming accessible only through direct space-time imaging of hidden field
trajectories. The physics education study [26] measures short-horizon gains on scalar
concept inventories, instruments that are degenerate observables of the multidimen-
sional accessibility structure of intellectual development, producing results that are real
but structurally incomplete as accounts of long-horizon scientific capability.

The three cases form a progression from the most physical to the most reflexive,
and the structural argument scales across all three. In the climate system, the hidden
constraint geometry is the admissibility structure of the atmospheric field, which the
FSA learns to compress without destroying. In the quantum material, the hidden con-
straint geometry is the spin–valley order parameter and its collective modes, which the
pump–probe imaging makes directly accessible. In the educational system, the hidden
constraint geometry is the multidimensional developmental accessibility structure of
the learner, which no scalar instrument can capture and which reflexivity partially
constitutes through the measurement process itself.

This progression reveals a gradient in the severity of the representational problem.
Physical systems have stable admissibility structures that are in principle fully accessible
to appropriate measurement strategies. The problem is choosing the right measurement
basis. Human developmental systems have admissibility structures that are historically
contingent, reflexively modified by measurement, and entangled with the entire bio-
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graphical and institutional context of the learner’s development. The problem is not
merely choosing the right measurement basis but acknowledging that no finite set of
standardized measurements can capture the full constraint geometry of a historically
embedded developmental trajectory.

The convergence has three implications, at increasing levels of generality.

The first is methodological. Standard observational strategies across all three do-
mains are systematically biased toward the observable projection surface. Climate
models that optimize for pixel-accurate reconstruction, condensed matter measure-
ments that record only charge response, and educational studies that assess short-term
standardized gains are all measuring their respective projections rather than the under-
lying processes. The structural pressure hypothesis predicts that this bias will produce
systematic failures at precisely the scales and regimes where the constraint geometry
diverges most strongly from the observable projection. These failures are not evidence
of insufficient data or insufficient parameters; they are evidence of a representational
mismatch.

The second is theoretical. The RSVP framework provides a vocabulary in which
all three findings can be stated with uniform precision. Constraint-preserving projec-
tion, admissibility-preserving compression, degenerate observables, accessible future
structure, representational delamination, and topological obstruction apply equally to
atmospheric dynamics, collective quantum modes, and intellectual development. The
formal vocabulary transfers because the structural problem is the same: how to represent
a system with rich constraint geometry using limited observational resources without
destroying the geometric structure that makes long-horizon behaviour predictable.

The third is philosophical. The repeated independent discovery of constraint ge-
ometry as the carrier of physical and developmental organization — across physical,
quantum, and human domains — suggests that this is not a feature of particular theoret-
ical frameworks but a structural feature of reality as systems that persist and organize
themselves. Physical systems organize along admissible trajectories through constraint
manifolds. The macroscopic collective behaviour we observe is the projection of that
hidden organization onto the observational surfaces we have developed to detect it.
The surfaces are real, but they are not the primary objects. The primary objects are the
constraint manifolds and the trajectories through them.

The geometry is not optional. It is what the physics is made of.
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A. Category-Theoretic Formalization

The formal structures deployed throughout this essay can be given a unified category-
theoretic interpretation. This appendix states the principal objects and morphisms
explicitly, for readers who prefer the categorical perspective as a way of tracking the
logical dependencies between the framework’s components.

The Trajectory Category

Let Traj denote the category whose objects are admissible state spaces X equipped with
an accessibility structure At and an admissibility function κ : Ω × H → R, and whose
morphisms are admissibility-preserving maps:

f ∈ HomTraj(X, Y) ⇐⇒ ω ∈ Adm(X) ⇒ f (ω) ∈ Adm(Y).

Composition is the usual composition of maps, which preserves admissibility by tran-
sitivity. The identity morphism on each object is the identity map, which trivially
preserves admissibility.

The Representation Functor

Let Rep denote the category of representational manifolds: compact smooth manifolds
M equipped with a metric and a latent trajectory structure. The projection functor

Π : Traj → Rep

maps each admissible state space X to a compressed representational manifold M =

Π(X) and each admissibility-preserving morphism to a structure-preserving map be-
tween manifolds. The FSA compression operators Fk→j are the component maps of Π at
each scale stratum; the conditions they must satisfy to be admissibility-preserving are
precisely the cross-scale compatibility conditions enforced by the field-space architec-
ture.

A compression π ∈ HomRep(M, M′) is trajectory-preserving if the following diagram
commutes:

X M

Y M′

Π

f π

Π

for every admissibility-preserving morphism f : X → Y in Traj.
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The Verification Natural Transformation

The CLIO verification map V : L̂ → Svalid ∪ {⊥} is a natural transformation between
functors:

V : R ◦ Π ⇒ IdSvalid ∪ {⊥},

where R : Rep → R̂ep is the stochastic rendering functor. Naturality requires that
verification commutes with admissibility-preserving morphisms: if f : X → Y in Traj,
then verifying the rendering of Π(X) is consistent with verifying the rendering of Π(Y)
after applying f .

The Accessibility Sheaf

The accessibility sheaf A is a sheaf of sets over the model space M, assigning to each
open U ⊆ M the set of admissible transitions within U. Restriction maps are the
canonical inclusions. The gluing axiom requires that locally admissible transitions be
globally consistent: for any compatible family of admissible transitions on an open cover
{Ui}, there exists a unique globally admissible transition restricting to each local one.

The Čech cohomology Ȟ•(U, A ) measures the failure of global sections to exist.
In degree 1, a non-trivial class [δσ] ∈ Ȟ1(U, A ) corresponds to a globally incoherent
transition system: the local admissibility conditions are mutually incompatible in a
topologically irresolvable way. The full pipeline of §7 fits into the long exact sequence of
cohomology associated to a short exact sequence of sheaves encoding the inclusion of
admissible transitions into all transitions.

Power and Holonomy

The holonomy of the constraint connection Ψt around a closed loop γ in M defines an
element of Aut(Ωt):

Holγ(Ψ) = P exp
(∮

γ
AΨ d`

)
∈ Aut(Ωt).

Non-trivial holonomy implies that the admissibility structure is path-dependent: the
set of admissible transitions at a point in M depends on the history of the path used
to reach that point. This is the categorical expression of the RSVP irreversibility thesis:
provenance matters, and it cannot be recovered from instantaneous state.

The group of holonomies {Holγ(Ψ) | γ closed loop in M} is the holonomy group of
the constraint connection. Flat constraint regions (where Rij = 0) have trivial holonomy
group; the historical ordering of transitions is irrelevant. Non-flat regions have non-
trivial holonomy; the historical ordering is dynamically significant. The FSA latent
warming drift is evidence of non-trivial holonomy in the climate system’s constraint
connection over the accessible state space.
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